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Enumeration Accuracy in a Population Census:
An Evaluation Using Latent Class Analysis

Paul P. Biemer’, Henry Woltmann®, David Raglin2 and Joan Hill?

To evaluate the coverage error in a population census enumeration, many countries conduct
a Post Enumeration Survey (PES) which is designed to identify individuals who were missed
in the Census or individuals who were counted that should not have been. The quality of the
PES evaluation of coverage error is only as good as the quality of the PES itself and much effort
has been devoted world-wide to improving the PES enumeration methodology. In this article,
we apply latent class analysis (LCA) to evaluate the quality of the PES and compare estimates
of the PES classification error with the corresponding estimates from a traditional analysis
of these data. The primary basis for these evaluations is a reconciled reinterview survey of
the PES respondents. The traditional analysis treats the reconciled reinterview survey results
as infallible and attributes disagreements between the PES and the reconciled reinterview
classifications to deficiencies in the PES. With LCA, the reinterview results are treated as
fallible measures which simply produce another indicator of true residence status. LCA esti-
mates of the error probabilities for all three classifiers (the Census, the PES, and the reconciled
PES reinterview) are obtained by maximum likelihood estimation under an assumed latent
class model. In this article, we demonstrate the use of LCA for evaluating post enumeration
survey accuracy and summarize the key findings for PES evaluation studies.

Key words: Coverage error; reinterview; census undercount; integrated coverage
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1. Introduction

Obtaining an accurate count in population censuses has been a concern in most countries
throughout the world. In the United States, errors in the population counts, particularly
undercoverage errors, have been well-documented in censuses since the 1940s. The
U.S. Census Bureau as well as its counterparts in a number of other countries have relied
primarily on a postenumeration survey (PES) methodology to evaluate the census
undercount (see, for example, Brown, Diamond, Chambers, and Buckner 1999; Hogan
1993; Choi, Steel, and Skinner 1988). A PES is a sample survey conducted after the
Census for the purpose of enumerating individuals in the sample households. By attempt-
ing to match individuals enumerated in the PES to individuals enumerated in the Census, it
is possible to obtain data to estimate the proportion of the true population that was missed
in the Census as well as the number of erroneous enumerations (EE’s) in the Census (e.g.,
duplicated people, fabricated households, people who died or moved out of the area before
Census day). In the estimation process, persons in the PES are cross-classified by whether
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they were counted in the original Census or not to form a 2 x 2 table with one empty cell
corresponding to individuals missed in both the PES and the Census. To complete the
table, dual system estimation (Chandrasekar and Deming 1949; Wolter 1986) is used.
Using this method, a dual system estimator (DSE) of the census coverage error can be
derived for virtually any geographic area of the country.

It is well-known that the PES and the PES-Census matching process is also subject to
errors that arise from incorrect matching, tracing difficulties, and many of the same prob-
lems that cause Census error (see, for example, Hogan 1993). In addition, the dual system
estimator of the total population is subject to a number of additional biases arising
from heterogeneous enumeration probabilities in the population and the lack of inde-
pendence in enumeration error between the two systems (Wolter 1986). For the 1990
Census, the U.S. Census Bureau mounted a considerable research program to examine
the major sources of error in the dual system estimator in preparation for the 1990 Census.
Some of the results of this research are reported in Mulry and Spencer (1993). This
research determined that the largest contributor of bias in estimates census undercount
is PES enumeration error which are errors in the number of individuals counted for a parti-
cular PES household. Consequently, considerable emphasis was placed on improving the
quality of the PES in preparation for Census 2000.

Traditional methods for evaluating census and survey data collection operations have
relied on replication with reconciliation (see, for example, U.S. Bureau of the Census
1985; Mulry and Spencer 1993; Kuha and Skinner 1997). Using these methods, an opera-
tion to be evaluated is repeated, often by operators having higher skill levels than the
original operators, and any differences between the results of the initial operation and
the replication are reconciled in order to arrive at the best possible results. The results
of the reconciled replication process are then used as a ‘‘gold standard’’ and treated as
infallible for purposes of evaluating the results of the initial operation.

Applying this method to the evaluation of the PES, the reconciled replication method
takes the form of a reconciled reinterview. A household respondent living at a PES
address is reinterviewed soon after the PES interview for the purpose of obtaining a third
roster of all household members living at the address on Census Day. Since this third roster
is obtained without reference to either the Census questionnaire roster of the PES roster,
it is referred to as the ‘‘independent’” Census Day roster. The independent evaluation
roster is then compared with two previously obtained rosters and any discrepancies
between these lists are reconciled with the reinterview respondent. The result is a final,
“‘gold standard’’ roster which is used to identify enumeration errors in both Census and
PES rosters.

An important limitation of the gold standard methodology is the assumption that the
reconciled reinterview yields the truth. Studies examining the validity of this assump-
tion in other contexts have shown that the reconciled reinterview approach is subject to
considerable measurement errors (see, for example, Biemer and Forsman 1992; Sinclair
and Gastwirth 1993). For example, there is evidence that reinterview respondents
satisfice? during the reconciliation process and that the reinterviewers often fail to follow

3 «Satisfice” is a term which means that the respondent exerts minimal cognitive effort in responding to a
survey question. These are often ‘‘top of the head’’ responses that are prone to measurement error (see Krosnick
and Alwin 1987).
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reinterview procedures (see Biemer and Hubbard 1996). Further, little is known about
the cognitive processes operating during reconciliation and there is no well-established
cognitive theory to guide the design of reconciliation procedures. Thus, using the recon-
ciled reinterview results as truth can result in misleading conclusions regarding the
quality of the PES. This point was well-noted in West and Griffiths (1996) and Raglin,
Griffin, and Kromar (1998), which applied traditional methods to the 1995 and 1996
PES evaluations.

Latent class analysis (LCA) is an alternative methodology for quality evaluations
that also uses replicate measures to assess the measurement error in survey results.
However, LCA does not require the assumption that one of the replicate measures is
the truth or a gold standard. Rather, all of the indicators in the analysis are assumed
to be fallible, with either correlated or uncorrelated errors between the measure-
ments. The analyst posits a model for the measurement error distribution associated
with each measurement process and tests the models against the observed data using
conventional chi-squared goodness-of-fit criteria. The best latent class model is one which
is plausible, parsimonious, and fits the data well. The best model is then used to generate
estimates of the classification error probabilities for the measurement processes under
investigation.

In 1995 and 1996, the U.S. Census Bureau conducted two tests of the PES procedures
for a program referred to as the Integrated Coverage Measurement (ICM) program. In
two previous reports (West and Griffiths 1996; Raglin, Griffin, and Kromar 1998), enu-
meration accuracy of the PES was evaluated using the traditional gold standard reinter-
view approach. In this article, we reanalyze these data using latent class analysis
(LCA) approaches and the results are compared with those of the analyses of West
et al. and Raglin et al. The goal of the article is to investigate the potential of the LCA
methodology for PES evaluation as an alternative or supplement to traditional gold
standard analysis.

In the next section, we briefly describe the PES designs for the test censuses as well
as the corresponding reconciled reinterview survey designs used to evaluate the PES
enumeration error. Section 3 contains a brief description of the LCA methodology that
was implemented in the study. In Section 4, the LCA methodology is applied to each
year’s data and the basic error parameters are estimated and compared with those from
the traditional analyses. Finally, in Section 5, we summarize our findings and provide
our recommendations for the Census 2000 evaluation.

2. The 1995 and 1996 U.S. Test Census-PES Evaluation Studies

The 1995 and 1996 Test Censuses were conducted by the U.S. Bureau of the Census to test
and evaluate a number of alternative data collection and estimation methodologies that
were being considered for the Census 2000. For each test census, a PES was conducted
following the census and the enumeration error in these surveys was evaluated using
traditional reconciled reinterview methods. Thus, the reinterview surveys were designed
to obtain the ‘‘true’’ residence status classifications for all persons in the reinterview
households. Some details of the PES and the PES evaluation reinterview surveys for
both years are given below.
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2.1. PES design

In both the 1995 and 1996 Test Censuses, the Census questionnaires were completed
either by the respondent through a self-administered census questionnaire or by an enu-
merator interviewing the respondent using paper and pencil interviewing methods during
the Nonresponse Followup operations. The 1995 PES was conducted a few months after
Census Day in Oakland, California, using Computer Assisted Personal Interviewing
(CAP)). PES interviewers visited each household to obtain a new listing of all individuals
living at a sample address on Census Day and then compared this list to the list of indivi-
duals from the Census questionnaire, referred to as the Census roster. People appearing on
both rosters were linked and considered to be correctly enumerated. For those that did not
match, the PES respondent was asked to provide information on the living situations of the
nonmatched persons on Census Day that could be used later to determine their true resi-
dence statuses. Cognitive studies of the 1995 PES interview process revealed that many
respondents misinterpreted the intent of the reconciliation process and reacted defensively
to questions regarding discrepancies between the Census and PES rosters. Thus, the recon-
ciliation procedure was changed in 1996 to an approach which was believed to be much
less confrontational.

In the 1996 PES test was conducted in Chicago, Illinois, some months after Census
Day also using CAPI methods. The rostering procedures were identical to 1995 except
that immediately after collecting the household roster and prior to matching the PES
and Census lists, the interviewer collected key residency data that would be needed for
resolving roster discrepancies. This was done to avoid challenging the PES respondent’s
reports of who lived at the address on Census Day. During the reconciliation process,
respondents were queried only about individuals listed on the Census roster who were
not rostered in the PES. Another important difference between the two years was the initial
rostering procedures for the PES. In 1995, PES respondents were asked only about indi-
viduals staying at the address on Census Day. In 1996, a modified procedure was used
which listed all persons who stayed at the household the previous evening and used this
information to help reconstruct the Census Day household.

In addition, in 1996 the interviewers were not able to jump back to the PES roster
and make changes once the original Census roster was revealed as they were in 1995.
This change may have resulted in greater independence between the Census and PES
rostering processes and greater accuracy of the reconciled roster information. There
were several other improvements implemented in the 1996 evaluation reinterview pro-
cedures based upon lessons learned in 1995 which are documented in Biemer, Woltman,
Raglin, and Hill (1999).

2.2.  The evaluation survey design

In both years, a reconciled reinterview survey was conducted following the PES to
evaluate the accuracy of the PES residence status classifications. In 1995, the reinterview
occurred almost immediately following the PES; however, in 1996 it was delayed for
about five months following the PES. Since the reference point for the evaluation survey
is Census Day, the delay in 1996 has the potential for increasing recall error in construct-
ing a roster for Census Day household members. As we shall see in the presentation of
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the results, this delay may be one of the primary reasons PES data quality appears worse
in 1996 than in 1995 as reported by Raglin et al. (1998).

In both years, the survey was administered to a sample of PES respondents using a
CAPI questionnaire that was essentially identical to the PES questionnaire. The evaluation
reinterview proceeded in the same manner as the PES interview except that the roster
obtained in the reinterview was matched against a roster of all individuals who were pre-
viously reported as living at the address by either the Census or the PES, referred to as the
Census-PES combined roster. The reinterview enumerator reconciled all discrepancies
between the newly obtained roster and the combined roster using procedures identical
to those based in the PES.

The key differences between the PES and the evaluation survey data collection opera-
tions were in data collection and processing staff. The U.S. Census Bureau attempted to
employ the most qualified and skilled enumerators and other operations staff available
from the PES operation in the evaluation survey in order that the results of the reinterview
could be treated as a gold standard for evaluating PES error.

In both 1995 and 1996, the evaluation survey sample was selected using a strati-
fied cluster sample. PES housing units were first partitioned into six strata based upon
the number of Census and PES roster nonmatches. Stratum 1 contained all households
where all individuals rostered in the Census and the PES matched. Strata 2, 3, and 4 con-
tained households where at least one person matched and one person on either the
Census or the PES roster or both did not match. These strata will be combined in
the analysis below. Stratum 5 contained whole household nonmatches with no individuals
on the Census roster and Stratum 6 contained whole household nonmatches with at least
one person on the Census roster. Since most rostering errors are expected to come from
Strata 2, 3, and 4, these strata were oversampled to reduce the variance of an estimator
based on the number of errors. Table 1 shows the final samples sizes by stratum for
both years.

The sample sizes for the 1995 and 1996 evaluation reinterviews were 947 and 869
housing units, respectively. Ineligible cases such as duplicates, vacant units, nonhousing
units, and units reinterviewed for quality control purposes were removed after the samples
were selected. The total number of individuals rostered across all three systems was 2,963
for 1995 and 4,095 for 1996. The higher number in 1996 was primarily due to the rostering
method used in the PES and the evaluation reinterview (described above) which asked

Table 1. Sample design

Sampling stratum Analysis Final sample size
stratum

1995 1996
I 1 116 104
I } ) 153 184
11 195 165
v 83 67
\% 3 238 174
VI 4 162 175

Total 947 869
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respondents to name people staying at the address the previous evening and then use
this list to construct the final roster.

The evaluation reinterview was designed to provide a picture of the accuracy of the PES
data collection and processing operations. It was used by the Census Bureau to examine
various components in the DSE. Analyses of PES enumeration bias assuming that the
evaluation interview provides a gold standard measurement is given in West and Griffiths
(1996) for the 1995 evaluation and Raglin et al. (1998) for the 1996 evaluation. In what
follows, we reanalyze the evaluation data for these two tests using LCA. The advantage
of this approach is that, unlike the analysis conducted by West and Griffiths (1996) and
Raglin, Griffin, and Kromar (1998), it is not necessary to assume a gold standard. Using
LCA, the error rates associated with all three classification systems — Census, PES, and the
evaluation reinterview — can be estimated. It is important to note that, although closely
related to triple system estimation models found in the capture-recapture literature, there
are some important differences between our models and objectives and those used in
census population size estimation. These differences will be discussed at the end of the
next section.

3. The Technical Approach for PES Evaluation

In this section, we develop the statistical framework for modeling the enumeration error
in the Census, the PES, and the PES evaluation reinterview survey. Each of these data
collection systems starts with a roster of all individuals who are potential members of a
household. For the Census, the process ends once the household members are listed on
the Census form. For the PES and evaluation reinterview, the process begins with an
initial listing of potential household members, but continues until each person is verified
as either a Census Day resident, Census Day nonresident, or unresolved, meaning there
was insufficient information collected to determine a residence status and, thus, the status
must be imputed. Thus, the universe for the three systems is the union of three over-
lapping lists of individuals: individuals listed on the Census roster and individuals listed
on the PES or evaluation survey rosters prior to the reconciliation process.

Therefore, let H denote the set of all households in the area to be enumerated and let &
denote a particular household in H. Let U; denote the individuals in household 4 who
would be listed as residents of the household in either the Census, the PES, or the evalua-
tion survey. This includes actual residents as well as nonresidents and various types of
erroneous enumerations. Let g, C U, denote all persons who are truly residents of house-
hold of h. Define U = | U, as the universe of potential population members and p = | g},

as the subset of U comlf)osed of individuals who are true residents of the households {ln H
and should be counted; i.e., U denotes the population of all individuals who would be
named as living in households in a test census site and g is the set of individuals who are
truly residents of the households in the site. The component of g, (i.e., U ~ @) is the set com-
posed of persons who are not residents of the households in H and other erroneous
enumerations.

Let (h,i) denote the ith person identified in household 4 and let X;; = 1 if (h,i) € g,
and 2 otherwise. Thus, X}, is an indicator variable defined for a person in Uj,; that denotes
membership in g,. We assume that X),; is latent (unobserved) variable and that the Census,
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PES, and evaluation reinterview provide fallible indicators of X;. The goal of our analysis,
then, will be to use these three indicators or residency classifiers to model the distribution
X,,; as well as the error parameters associated with each classifier.

3.1. Definition of the classifiers

As described above, the Census classification process is conducted by a household
respondent (in completing the census questionnaire) or by an enumerator working with
the respondent (in the Nonresponse Followup interview). The respondent considers the
potential member of the household and, using the census instructions as a guide, either
lists the potential member of the roster, and thereby classifies the person as in g, or
does not list the potential member, thus classifying him/her as not in ¢ by default.

We denote the Census classification variable as A;; for (h,i) € U. Thus, A is a
dichotomous indicator of true classification Xj; and is defined as A;,; = 1 if (h, i) is listed
on the Census roster for household 4 and 2 otherwise.

The PES interviews are conducted in person by enumerators using CAPI. First, a
new Census Day roster is obtained from the respondent by the enumerator without refer-
ence to or knowledge of the contents of the original Census roster. This new (‘‘inde-
pendent’’) roster is then compared with the Census roster for the household and any
differences are noted and are eventually discussed and reconciled with the respondent.
The result of this reconciliation process is a classification of each person on the combined
Census and PES roster as either a resident, a nonresident, or unresolved. Thus, two rosters
are generated by the PES process. The first is the roster obtained prior to reconciliation
and the second is the final, reconciled roster generated by the reconciliation process.

First, we define a classifier, Py,;, for the pre-reconciled PES roster. For (h,i) € U, define
P,; = 1if (h,i) is listed on the PES roster prior to reconciliation and 2 otherwise. Then, we
define a classifier, By;, for the resolved PES roster (reconciled roster). For (h,i) € U,
define the PES reconciled classifier which has four states as follows:

if classified as a resident

1
B 2 if classified as a nonresident
hi =
3

if classified as unresolved or status unknown

4 if not rostered

The first three categories are self-explanatory. The fourth category applies to indivi-
duals who are not rostered by either the Census or PES process but are later identified
in the evaluation reinterview. Since these individuals were included on the Census or
the PES roster, we assigned a code of ‘‘Not Rostered’’ to them prior to analysis. There
are a substantial number of these individuals in both tests censuses and we will be parti-
cularly interested in determining whether these individuals are people who should have
been enumerated and classified as residents by the PES.

As mentioned previously, the evaluation reinterview is actually a second reinterview
of the census respondents and uses procedures very similar to those of the PES interview.
In the evaluation reinterview, a third roster of the Census Day residents is constructed
by household respondents using free recall and without referring to the previous two
rosters. The evaluation reinterview roster is compared to the combined Census and PES
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roster and any differences are reconciled with the respondent. The result of this recon-
ciliation process is the evaluation reinterview classification, Cy;, defined for i € U as:

1 if classified as a resident
Cyi = < 2 if classified as a nonresident
3 if classified as unresolved or status unknown

Unresolved cases are handled in the same manner as described for the PES.

3.2.  Model assumptions and notation

Let E}; and F),; denote any two arbitrary latent or manifest variables defined for (h, i) € U,
let ;) denote Pr(Ey; = e, Fj; = f). The conditional probability Pr(E); = e|F); = f) is
denoted by s In what follows we will assume that

Telf(hi)y = Melf

that is, the classification probabilities are homogeneous across individuals and households
within the levels of the variable or set of variables represented by F 4 Thus, for notational
convenience we will drop the subscript (h,i) when it is clear we are referring to an
individual in the universe.

Let XAPBC denote the cross-classification table for the variables X,A,P,B, and C for
all (h,i) € U and let (x, a, p, b, c¢) denote the cell associated with X = x, A =a, P = p,
B=b, and C=c in this table. Define m,y;. as the expected proportion in cell
(x, a, p, b, ¢). Then, we can write Tapbe S

Tappe = PIX = x)Pr(A = a|X = x) Pr(P = p|A = a, X = x)
X Pr(B=blA=a,P=p,X=x)Pr(C=cl[A=a,P=p,B=b, X =Xx)
= Wxﬂa\xwplawa\a px’rc\apbx (1)

The above identity demonstrates that the probability that an individual in U is classified
in cell (x, a, p, b, ¢) can be decomposed into the product of marginal and conditional
probabilities. Since the true classification, X, for the individual is assumed to be unobser-
vable, it will be treated in the subsequent analysis as a latent variable. Thus, the full table
XAPBC is also unobservable and, using the estimation methods developed for missing
data problems such as the EM algorithm (Dempster, Laird, and Rubin 1977), XAPBC
can be estimated under an assumed model for (1).

Note if we were to try to estimate all 95 parameters of the model in (1) we would need
a minimum of 95 degrees of freedom. Since only 47 degrees of freedom are available, such
a model would be unidentifiable.” To overcome this problem, restrictions on the probabil-
ities must be introduced to reduce the number of parameters associated with the model.

4 This assumption is similar to the assumption made for the DSE (see Wolter 1986). However, as we shall see,
correlations between the errors in the classifiers A, B, and C are estimable in our analysis since F may be either
a grouping variable or another classifier. Thus, the homogeneity assumption is less restrictive in our analysis.
3 The rules for determining the number of parameters in an ANOVA model can also be used to determine the
number of parameters in a latent class model (see, for example, Kempethorne 1975). In (1), the numbers of
parameters associated with the five conditional probabilities on the right-hand side are (from left to right): 1, 2, 4,
24, and 68 with sum 95. The degrees of freedom for estimation is the number of cells in the APBC table minus 1 or
2X2X4X3or48.
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The traditional latent class model for the table XAPBC introduces the restrictions which
specify that the classifiers A, P, B, and C are mutually independent given the true classi-
fication X, or mathematically, that

Tplax = Tplx> Tplapx = Th|x and Telapbx = Telx )

and, thus, substituting these restrictions in (1) produces the probability model
Txapbe — TxTa|xTp|xTp|xTe|x (3)

which contains 15 parameters and all parameters are estimable from the observed APBC
table.

Note that the term w,, may be interpreted as the error probability for indicator A
since the probabilities Pr(A = 1|X = 2), the false positive error probability, and
Pr(A = 2|X = 1), the false negative probability, are both represented in m,,. Likewise,
Tpie» Wppx, and g, are error terms for the classifiers, P, B, and C, respectively. Thus,
the restrictions in (2) represent the independent classification errors model.

The software that will be used for the analysis requires that latent class models be
specified as log-linear models. Haberman (1979) demonstrated that (3) is equivalent to
the hierarchical log-linear model with highest order terms XA, XP, XB, and XC. This
model is sometimes written in shorthand notation as { XA, XP, XB, XC}. All the models
considered in the subsequent analysis will be hierarchical models; i.e., models for which
all lower terms that involve variables in the higher order interaction terms are included.

Some of the models that we will explore can only be expressed as ‘‘modified path
models’” (Goodman 1974). These are essentially models formed by replacing each of
the conditional probabilities terms in (1) by a logistic regression model for the prob-
ability. One advantage of this method is that, unlike log-linear models, the causal ordering
of the variables can be explicitly represented in the path model formulation of the prob-
ability model. For the present application, the Census classification occurs first chrono-
logically followed by the PES unreconciled -classification, the PES reconciled
classification, and finally, the evaluation reinterview classification. Therefore, a modified
path model for the probability expression in (3) replaces the conditional probabilities
for A|X by the logistic model {AX}; P|X by {PX}; B|X by {BX}; and C|X by {CX}.
More complex expressions can be developed from (1) by replacing each of the conditional
probabilities with a corresponding logistic model with restrictions on the terms to obtain
identifiability.

Finally, we consider the addition of the stratification variable to the models. Recall
that in selecting the sample for the evaluation reinterview, six strata were formed based
upon agreement between Census classification, A, and the PES, B. The evaluation reinter-
view sample was then selected by simple random sampling within these strata. We intro-
duce the stratification variable, S, defined in Section 2 into the model to account for any
variation in the enumeration probabilities by stratum. Define the variable S as

if observation i € stratum I
if observation i € stratum II, III, or IV

1
2
3 if observation i € stratum V
4

if observation i € stratum VI



138 Journal of Official Statistics

Then, introducing § into identity in (1), we write
Tsxapbe = TxTaq|x T p|xa T b|xap Ts|xabp T c|xapbs (4)

Note that, since A, P, and B precede S causally (i.e., S is formed after A, P and B are
observed), then A, P, and B given X are assumed not to depend on S. However, C depends
upon S since the partitioning of the sample by S precedes the determination of C by design.
Further, since the strata were formed without regard to the prereconciled classification, P,
we will assume ., = a5 that is, S is independent of P given X, A, and B. Further
restrictions on (4) are necessary since the number of parameters implied by (4) exceeds
the number of degrees of freedom for estimation.

3.3.  Correspondence with dual system and triple system estimation

There is a considerable literature which addresses the estimation of the total size of the
Census population when data on Census Day residency is available from two or more
sources. The dual system estimation methodology currently used by the U.S. Census
Bureau is documented in Wolter (1986). However, it is well-known that this estimator
may be considerably biased if enumeration or ‘‘capture-recapture’’ probabilities vary
within the domains defined by the model or if the enumeration errors for the two systems
are correlated. This bias is known as ‘‘correlation bias’’ (see, for example, Wolter 1986;
Mulry and Spencer 1993). Several researchers have developed methods for estimating
population size when three enumeration systems are available such as the Census, the
PES, and an administrative records data base or population registry (for example,
Zaslavsky and Wolfgang 1993; Darroch, Fienberg, Glonek, and Junker 1993). With triple
system estimation, the correlation bias can be estimated and accounted for in estimates
of population size under some assumed models.

The methodology developed in this article also uses three systems (viz., the Census, the
PES, and the evaluation reinterview survey) and is closely related to the dual and triple
system estimation methods, but there are some important differences. For example, the
literature on capture-recapture census population estimation assumes that people in
the target population are either counted (‘‘in’’) or missed (‘‘out’’) by the enumeration
system. Then a 2° cross-classification table can be formed that classifies individuals as
either “‘in’’ or ‘“‘out’ in all three systems. One of the cells is necessarily unobserved in
the table corresponding to individuals who are missed in all three systems.

In our formulation, we are not primarily interested in estimating total population size.
Rather, we are interested in how accurately each system classifies individuals who are
rostered as either Census Day residents, nonresidents, or unresolved. Note that in our
formulation there is no empty cell corresponding to individuals missed in all three systems
since we confine our analysis to U, i.e., the universe of people who are rostered by the
systems in the analysis. This is because our models operate only for individuals who
are listed on at least one roster in the Census, PES, and evaluation reinterview rostering
processes. Triple system estimation for census population size estimation projects an esti-
mate for individuals who are Census Day residents who are not listed in the rostering pro-
cess as well as individuals who are listed. Thus, the target populations for the two
approaches are quite different.
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The methods we employ are straightforward applications of log-linear models with
latent variables (see Hagenaars 1993 for an introduction to these models). However,
special methods must be employed for triple system population size estimation due to
the presence of the structural O for the cell corresponding to being missed in all three
systems.

Another distinction between our models for estimating enumeration error and the cap-
ture-recapture models is the assumption of a two-class latent variable for resident and non-
resident. The capture-recapture models in the literature essentially assume a single-class
latent variable corresponding to Census Day resident. That is, terms for erroneous enu-
merations are not incorporated into the models, but rather it is assumed that all erroneous
enumerations have been removed from all three systems prior to estimation. Work is now
underway at the U.S. Census Bureau to apply latent class models for multiple system
census population estimation using models similar to those developed here which take
into account the potential for erroneous enumerations in all three systems (Biemer 2000).

4. Analysis of 1995 and 1996 PES Evaluation Data

As described in Section 2, the evaluation reinterview sample is a stratified random sub-
sample of the PES sample with six strata. Because of the similarity of sampling strata
II, III, and IV, the sample units in these strata were combined into a single stratum in
the analysis. This modification also reduced the effect of sparse cells on the fit statistics
for the analysis. Prior to analysis, the data for both years were appropriately weighted
for the evaluation reinterview probabilities of selection and the weights rescaled so that
they totaled to the evaluation reinterview sample size. Latent class models were fitted
to the weighted data using the £ EM Version 1.0 software package (Vermunt 1997). All
models were run multiple times with different starting values to verify identifiability
and to check for local minima.

In the following analysis, the variables A, P, B, and C denote the Census, prereconciled
PES, final reconciled PES, and final reconciled reinterview classification, respectively;
X denotes the latent true classification, and S denotes the stratum indicator. Note that,
by design, Pr(B=4|A=a, P=0)=0 for (a,b) =(1,1), (1, 2), or (2, 1). That is,
persons who appear on the Census roster or the PES independent roster cannot receive
a “‘Not Rostered’” code in the PES reconciled roster since these persons were carried
forward to the PES reconciled roster. Thus, these additional constraints were added to
the specifications of all the models considered.

Surprisingly, for both 1995 and 1996, models that allow for variation across sampling
strata in the classification errors were rejected in favor of models that specify homo-
geneous classification errors within strata. This suggests that the sampling strata used
for drawing the reinterview survey sample were not very effective at reducing the variation
in classification probabilities for the evaluation reinterview. Therefore, all the models we
consider in the next section omit any interaction terms involving the C by S interaction.

4.1.  Model selection for 1995 and 1996 PES analysis

Table 2 summarizes the model fit statistics for four basic models that were fit to data
for both years data. Model 1 is the simple latent class model that assumes independent
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Table 2. Model selection results for 1995 PES evaluation data

Model Effects df npar 1995 Test census 1996 Test census
> p BIC L* p BIC
1 AlX = {AX} 158 33 263 0.00 —1086 1017 0.00 —298
P|XA = {PX}
B|XAP = {BX}

S|XAB = {SX SA SB}
C|XAPBS = {CX}

2 Model 1 except 148 43 81 1.00 —1102 209 0.00 —1022
B|XAP = {BX, BP}
C|XAPBS = {CX, CB}

3 Model 2 except 145 46 77 1.00 —1082 93 1.00 —1113
B|XAP = {BX, BP, BA}

4 Model 3 except 143 48 75 1.00 —1068 85 1.00 —1104
C|XAPBS = {CX, CB, CA}
Model 1-Model 2 10 10 182 0.00 16 808 0.00 724
Model 2—-Model 3 3 3 4 026 —20 116 0.00 91
Model 3—Model 4 2 2 2 037 —-14 8 002 -9

Note 1: The symbol V|X...Y before the submodel specification denotes the conditional probability in (1).
Note 2: The best model is the model having the smallest BIC and p > .05.

classification errors for all four classifiers. (i.e., no interactions among the error terms AX,
PX, BX, and CX) and homogeneity of error rates across strata. Model 3 is referred to as a
first order dependence model since it specifies an interaction (or correlation) between each
classifier and the classifier that just precedes it. Thus, Model 2 differs from Model 1 by the
addition of the terms PA, BP, and CB. Model 2 is an extension of the dependence model
to include additional between two consecutive classifiers in the Census/PES/reinterview
process. Finally, Model 4 further extends the independent classification error model to
include interactions between the reinterview classifier (C) and the Census classifier (A).

The criteria we used for identifying the best model are: fit, parsimony, and plausibility
of the estimates. To determine the fit of a model to the observed data, we used the log-
likelihood goodness of fit criterion. The higher the chi-squared p-value, the better the fit
of the model. A typical rule of thumb used in the log-linear modeling literature is that
the p-value for the model L* should exceed 0.05 for an acceptable model fit where L? is
the value of the likelihood ratio chi-squared statistic. However, there may be a number
of models that satisfy this criterion and the ideal model is the most parsimonious model.
Therefore, a second criterion was the Bayesian Information Criterion (BIC) defined as
L’ — (log N) df where N is the sample size, and df is the degrees of freedom for the fitted
model. Among all models that fit the data (i.e., p-value > 0.05) the best model is the one
whose BIC is minimized (see Liu and Dayton 1997 for a justification of this approach).

The third criterion, plausibility of a model, is a much more subjective criterion. First,
only models that were consistent with the sampling design and data collection method-
ology used in the test censuses were considered in our analysis. For example, we did
not consider models for the component Pr(A|X) that include terms for B or C since these
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measurements were collected later in the PES-evaluation reinterview process. In addition,
models that gave reasonable and consistent estimates of classification error rates were
preferred over models whose estimates were highly unlikely or gave results which were
inconsistent with other external information on the error rates.

Applying these criteria to the models for 1995, we see that Models 2, 3 and 4 fit the data
very well as in all three cases the log-likelihood chi-squared statistic has a p-value of
approximately 1.00. However, the BIC measure suggests that Model 2 is best and, as
we will see, Model 2 yields plausible estimates of the parameters. Further, the simple like-
lihood ratio tests comparing the models indicated no significant improvement in fit beyond
Model 2. Thus, we will use Model 2 to generate the estimates of the classification prob-
abilities for the Census, PES, and evaluation reinterview.

From the model comparisons in the bottom rows in the table, note that the terms BA
and CA are not significantly different from 0. This follows since the differences between
Models 2 and 3 and Models 3 and 4 are not significant. This implies that neither PES errors
nor errors in the evaluation reinterview are correlated with the Census errors. Since BA is
somewhat related to the correlation bias term in the DSE, the fact that BA is not statisti-
cally significant from O indicates that classification errors in the Census and PES are not
correlated for persons in U. Thus, this type of correlated error would appear not to be an
important factor in the DSE correlation bias. However, the term CB in Model 2 is highly
significant, indicating that the evaluation reinterview errors are correlated with the PES
enumeration errors. This may suggest that the evaluation reinterview interviews are being
influenced by the PES classification of rostered individuals.

For the 1996 data set, Model 2 does not fit the data well and the choice is between
Models 3 and 4. This suggests that, in 1996, there was a significant correlation between
the errors in PES and those in the Census errors, violating the assumption of the DSE.
Using the BIC criterion, Model 3 provides the most parsimonious fit; however, the term
CA in Model 4 is statistically significant (o« = 0.05). Further analysis indicates that
the classification probability estimates for Models 3 and 4 do not differ appreciably
so the choice is somewhat arbitrary. For the sake of consistency with our selection criteria,
we will use Model 3 to estimate the classification error probabilities for 1996.

4.2. Estimates of PES error probabilities

Classification error probabilities were estimated for the 1995 PES under Model 2 and for
the 1996 PES under Model 3 using the € EM software. The maximum likelihood estimates
appear in Table 3 as well as the estimates from the 1995 and 1996 traditional analysis (see
West et al. 1996; Raglin et al. 1998). Standard errors for the LCA estimates were approxi-
mated by the corresponding standard errors from the traditional analysis so caution should
be exercised when interpreting the comparisons in the table.

Table 3 is split into two halves corresponding to the 1995 test and the 1996 test, respec-
tively. For each year, the true classification is shown across the columns and the observed
PES classification is shown down the rows. Within each cell of the true status by PES
status classification, we report both the estimates from the LCA and those from the tradi-
tional analysis.

It is obvious from the table that LCA and traditional estimates are quite different
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Table 3.  Comparison of LCA and traditional estimates of PES classification error rates for 1995 and 1996 Cen-
sus tests (standard errors in parentheses)

PES 1995 PES data 1996 PES data
Classification ] ] ] :
n True classification True classification
Resident Nonresident Resident Nonresident

LCA Traditional LCA Traditional LCA Traditional LCA Traditional

Resident 98.2 90.0 594 28.8 95.8 79.7 41.0 58.5
(0.8) (0.8) 4.3) (4.0 22 22 34) 34
Non resident 0.0 1.7 89 235 37 4.0 22.1 3438
0.4) 04 0.6) (3.7) 0.5) (0.5) 3.7 4.2
Unresolved 1.8 32 83 121 05 13 31 15
0.5) (0.5) 1.7 2.1) 0.4) 04 0.4) (0.4)
Not rostered 00 5.1 234 35.6 00 151 337 52
0.5) (0.5) 4.2) 4.3) 2.1) 2.1) 4.2) (0.5)

Notes: Entries are the conditional probabilities of the PES classification (rows) given the true classification (col-
umns). The missing error rate is the sum of two cells: true resident/PES nonresident and true resident/PES not
rostered. The false positive rate is the cell corresponding to true nonresident/PES resident.

and lead to very different conclusions regarding the overall quality as well as the relative
quality of the 1995 and 1996 PES data. For example, in the 1995 PES, the estimated
proportion of true residents who were either classified as ‘‘nonresident’” or ‘‘not rostered’’
is 0.0 for LCA and 6.8 percent for the traditional analysis (computed as the sum of ‘‘non-
resident’” and ‘‘not rostered’’ categories). Further, the traditional analysis suggests that
a substantial proportion (5.1 percent with a s.e. is 0.5 percent) of the true residents were
not rostered by the PES; however, the LCA estimate of this proportion is 0, indicating
that missing individuals in the PES was not a problem.

Note that an estimate of 0 for the probability of classifying a true resident as ‘‘non-
resident’” or ‘‘not rostered’’ does not indicate that the PES does not miss any true Census
Day residents. Rather, this LCA result suggests that the PES did not miss any true residents
who were identified by either the Census or the evaluation reinterview, or conversely,
that the evaluation reinterview did not identify any new residents that were not already
identified by either the Census or the PES. This interpretation follows directly from our
definition of the universe for the study, U. Our analysis, therefore, does not provide an
estimate of the total number of residents missed by the PES.

The 1995 traditional and LCA results for true nonresidents in the population are also
inconsistent. From Table 3 we note that the probability a true nonresident is classified
as a ‘‘resident’’ (i.e., a false positive errorﬁ) is 59.4 percent (s.e. of 4.3 percent) for
LCA but only 28.8 percent (s.e. of 4.0 percent) for traditional analysis. Thus, the LCA
analysis indicates that false positive errors are much more frequent in the PES than the
traditional analysis indicates they are.

6 The false positive rate is closely related to the ‘erroneous enumeration rate’’ often cited in the decennial census
evaluation literature (see, for example, Mulry and Spencer 1993). The difference is that, while the denominator
of the false positive rate for a classifier is the number of true nonresidents in U, the denominator of the erroneous
enumeration rate is the estimated number of persons in ¢ based upon the classifier.
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There are important differences between LCA and traditional analysis for 1996 as well.
In Table 3, we see from that the LCA estimate of the proportion of true residents who were
classified as either ‘‘nonresident’” or ‘‘not rostered’” in 1996 is only 3.7 percent for LCA
compared with 19.1 percent for the traditional analysis. (As before, these estimates are
computed as the sum of the ‘‘nonresident’” and ‘‘not rostered’’ categories). Further, tradi-
tional analysis indicates that a very large proportion (15.1 percent with s.e. of 2.1 percent)
of the true residents were not rostered by the PES which suggests an even worse problem
of missing residents in the 1996 PES than was observed for the 1995 PES. By contrast, the
LCA estimate of this proportion is 0 which is the same as the 1995 PES LCA estimate.’

For the true nonresidents in the population in 1996 LCA estimate of the false positive
rate is lower than the rate from traditional analysis: 41.0 compared with 58.5. Also, LCA
suggests that a large percentage (33.7) of the nonresidents are actually individuals who
were not rostered in the PES. Further analysis revealed that these are individuals who
were listed for the first time in the evaluation reinterview, which suggest that traditional
analysis and LCA are very different in their treatment of individuals who were identified
only in the evaluation reinterview.

4.3.  Comparisons between 1995 and 1996

In considering the differences between the 1995 and 1996 PES error rates in Table 3, it
is important to recall that the target populations for the two years were very different.
In 1996, difficult to enumerate households were oversampled in the Chicago area whereas
this was not the case in 1995 for the Oakland sample. Thus, the task of determining true
Census Day residency was expected to be much more difficult in 1996 than in 1995.

One indicator of the relative enumeration difficulty of the two sites is the Census correct
enumeration rate; i.e., the proportion of individuals identified on the Census roster who are
true Census Day residents. From the LCA, we estimated the proportion of individuals
identified in all three systems that were true residents of the households in which they
were found to be 69.3 percent in 1995 and 61.9 percent in 1996 (significant at
o = 0.10). Thus, a significantly larger percentage of individuals identified in the Census
process were nonresidents in 1996, as expected.

Table 4 summarizes some other results from the LCA related to the accuracy of the
Census enumeration. As seen from Table 4, the Census miss rate was significantly higher
in 1996 than in 1995: 23.9 percent (s.e. of 2.0 percent) compared with 10.0 percent (s.e. of
4.0 percent). This is also an indication that the 1996 site contained a higher proportion
of hard to enumerate individuals than the 1995 site.

Thus, in comparing the two years, we would expect error rates to be somewhat better
in 1995 than in 1996 even if the quality of the PES process was the same for both years.
For this reason, any improvement in the 1996 PES suggested by the estimates in Table 3
probably understates the true improvement in the PES process. By the same reasoning,
any deterioration in quality suggested by these data may also be somewhat overstated.

Note that the estimates in Table 3 from traditional analysis suggest that PES data quality
was significantly worse in 1996 than in 1995. For example, the PES miss rate (i.e., the

7 Raglin et al. (1998) also suggested that the extra people found by the 1996 PES evaluation reinterview and
classified as residents were unlikely to be residents.
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Table 4. LCA estimates of Census classification error for the 1995 and 1996 test evaluations (standard errors in
parentheses)

Census classification 1995 data 1996 data
True classification True classification
Resident Nonresident Resident Nonresident
Rostered 90.0 15.6 76.1 28.8
4.0) 2.3) 2.0) (1.8)
Not rostered 10.0 84.4 23.9 71.2
4.0) 2.3) 2.0) (1.8)

Notes: Entries are conditional probabilities of the Census Classification (rows) given the true classification
(columns). The missing error rate is the cell true resident/Census not rostered. The false positive rate is the cell
corresponding to true nonresident/Census rostered.

probability of classifying a true resident as either ‘‘nonresident’ or ‘‘not rostered’’)
increased from 6.8 percent (i.e., the sum of 1.7 and 5.1) in 1995 to 19.1 percent (i.e.,
the sum of 4.0 and 15.1) in 1996, according to the traditional analysis. In addition the false
positive rate (i.e., the probability of assigning a resident code to a true nonresident)
increased from 28.8 percent to 58.5 percent. These differences are both highly statistically
significant. LCA, however, provides a very different picture of the differences between the
two years. In fact, the LCA method suggests that there is actually no significant difference
in the accuracy with which the PES classified persons who are true Census Day residents,
which by our foregoing discussion regarding the relative difficulty of the two evaluation
sites would suggest improvement in 1996. For true nonresidents, there is further improve-
ment according to the LCA estimations, with only 41.0 percent false positives in 1996
compared with 59.4 percent false positives in 1995 (significant at the o = .05 level).

It is difficult to reconcile the differences between the traditional analysis and LCA.
Which set of results is more indicative of the true PES process quality? There are a
number of reasons to doubt the results of the traditional analysis. First, consider the pro-
portion of census residents that the traditional analysis indicates were completely missed,
i.e., not rostered, by the PES but were rostered by the evaluation reinterview survey.
According to the traditional analysis, this number was approximately 5.1 percent of the
rostered residential population in 1995 and 15.1 percent in 1996 (i.e., in Table 3 under
the Resident-Traditional column, the ‘‘not rostered’’ percentage went from 5.1 percent
in 1995 to 15.1 percent in 1996). The 1996 result seems implausible since the evalua-
tion reinterview applied the same methods for rostering as the PES applied. Therefore,
it is difficult to understand how these rostering procedures failed to identify a large
number of individuals in the PES but were successful at identifying the same individuals
in the evaluation reinterview, especially since the evaluation reinterview was conducted
five months after the PES and, thus, five months further from Census Day.

One possible explanation is that the evaluation reinterview misclassified these new indi-
viduals as residents. This could occur, for example, if the evaluation reinterview identi-
fied a number of individuals who moved in after the PES was conducted and failed to
properly determine their in-mover statuses. The fact that the proportion of not rostered
individuals in the PES tripled from 1995 to 1996 is consistent with the ‘‘in-mover theory”’
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since the time lag between the PES and the evaluation reinterview was only one month in
1995 compared with five months in 1996. Thus, it is possible that the proportion of movers
in the target population was much greater for the 1996 Census Test. In addition, the 1996
test evaluation site (Chicago) contains several major universities and with Census Day
in occurring in October and the evaluation reinterview occurring the following summer,
college students would provide an abundant source of movers in the 1996 reinterview
survey. Anecdotal evidence from the data collection operations also supports this explana-
tion for the increase in PES ‘‘not rostered’’ individuals (see Raglin et al. 1998).

In the next section, we consider the accuracy of the evaluation reinterview and provide
evidence from LCA that the reinterview process was itself subject to large classification
errors.

4.4.  The accuracy of the evaluation reinterview results

As a by-product of the latent class analysis of the PES process, estimates of evaluation
reinterview classification error are also generated. Table 5 provides the classification
error estimates for both years. Note that the miss rate is significantly larger for the 1996
reinterview, according to LCA — 13.3 percent compared with 0.0 percent in 1995. Further,
the probability of correctly classifying nonresidents is significantly higher in 1996 than
in 1995. A process that always classifies individuals as residents would have a zero
miss rate and a high false positive rate. Likewise, a process that always classifies indivi-
duals as nonresidents would make no false positive errors but would have a large miss rate.
Thus, the results in Table 5 suggest a tendency in the 1996 evaluation reinterview
to classify individuals as nonresidents and a tendency in the 1995 evaluation reinterview
to classify individuals as residents.

Another factor in the comparison of false positive rates in 1995 and 1996 is the differ-
ence in the nonresidential populations identified by the two tests. Recall that both the
1996 evaluation procedures were designed to include a larger number of potential Census
Day residents than in 1995. As discussed previously, the 1996 initial rostering

Table 5. Estimates of evaluation reinterview classification error for the 1995 and 1996 test evaluations (stan-
dard errors in parentheses)

Evaluation 1995 data 1996 data
Reinterview
Classification True classification True classification

Resident Nonresident Resident Nonresident
Resident 97.2 76.9 83.7 62.2

0.4) 2.3) (0.8) (1.2)
Nonresident 0.0 9.9 13.3 334

(n/a) (1.5) 0.7) (1.2)
Unresolved 2.8 13.2 3.0 4.4

0.4) (L.7) 0.4) 0.5)

Notes: Entries are the conditional probabilities of the reinterview classification (rows) given the true classification
(columns). The ‘‘missing’” or false negative error rate is the cell corresponding to true resident/reinterview non-
resident. The false positive rate is the cell corresponding to true nonresident/reinterview resident.
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procedure listed all individuals who stayed at the household the previous evening and used
this information to help reconstruct the Census Day household. This would result in a
somewhat higher proportion of nonresidents in 1996. This is also borne out by the LCA
estimates of the proportion of the individuals in the target population who are nonresi-
dents. For 1995 it was 30.7 percent (s.e. of 3.3) and in 1996 it was 39.1 percent (s.e. of
1.7).8 In addition, many individuals rostered in the 1996 PES and PES evaluation reinter-
view may have much looser connections to the households than those rostered in 1995 and,
as a result, can be more accurately classified as nonresidents. This would explain the
higher accuracy rate for identifying nonresidents in both the PES and the reinterview in
1996.

5. Discussion

This article demonstrates the use of latent class analysis methods to evaluate the accu-
racy of census enumeration processes when no gold standard measurements exist. When
the gold standard measurements are, themselves, subject to large enumeration errors, the
errors in the Census and the PES can be considerably overstated. Latent class
analysis offers an alternative method of analysis that may give very different estimates
of the magnitudes of the errors as well as insights into the causes and origins of census
error.

In our application of the methodology using the 1995 and 1996 Test Censuses, the esti-
mates derived from LCA differed importantly from those obtained by the traditional
approach. Using the traditional approach, the PES appeared to have much higher miss
rates and the probability of a miss increased substantially in 1996 as compared to 1995.
The source of this large increase in missed individuals was primarily the increase in people
identified in the evaluation reinterview who where somehow missed by both the 1996
Census and PES.

However, LCA estimates provide a very contradictory picture of data quality in 1996,
particularly for true residents. Not only were the LCA estimates of the PES correct
enumeration probabilities considerably higher in both years than those from traditional
analysis, but the differences between the estimates for the two years were smaller for
LCA. Perhaps the biggest contradiction between the two sets of estimates occurs for the
1996 Test Census for the individuals who were rostered in the evaluation reinterview
but not rostered in either the Census or the PES. While traditional analysis suggests that
most of these individuals are true residents that were missed by the PES, LCA clearly indi-
cates that these individuals are true nonresidents and were, therefore, correctly excluded in
the PES.

With regard to the classification of nonresidents, the two methods also differed drama-
tically. For 1995, the traditional approach indicates a relative low rate of false positives
which worsened considerably in 1996. However, the LCA estimates indicate that the false
positive rate was significantly higher in both years and significantly improved in 1996.

The results of traditional analysis of the 1995 and 1996 Test Census would lead one
to conclude that the improvements made in census enumeration methodology following
the 1995 PES actually increased error rates in the 1996 PES. This is highly implausible

8 Note: These estimates do not appear in the tables.
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given that the 1995 research showed that the improvements would reduce PES error
rates. The analysis using LCA is consistent with the direction of the improvements and
are therefore more plausible.

These analyses provided several important lessons for the design in Census 2000. The
key finding in this work is the considerable risk associated with using the traditional
reconciled reinterview methodology for evaluating the quality of the PES. Our reanalysis
of the 1995 and 1996 Test Censuses provides evidence of the fallibility of the evaluation
reinterview process, a finding that is consistent with other research (see, for example,
Biemer and Forsman 1992). In fact, the assumption that the evaluation reinterview pro-
cess yields the true classification can be tested directly by constraining the reinterview
false positive and false negative error rates to be O in the model fitting process. This
test clearly indicates that the gold standard model does not fit the data on the basis of
the chi-squared goodness of fit criterion and must be rejected. Our analysis provides strong
evidence that evaluation reinterview data are subject to considerable classification error
and are not suitable for use as a gold standard for evaluating the PES. However, LCA
provides a means for assessing the quality of the PES data through the use of models
that fit the observed data very well. Our results indicate that LCA is an important coverage
evaluation methodology for census evaluations.
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