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We consider a local post-stratification approach to analyze the capture—recapture dual system Accuracy and Coverage Evaluation (A.C.E.)
data associated with the 2000 U.S. Census. The local post-stratification is carried out via a nonparametric regression estimation of the
census enumeration and the correct enumeration functions. We propose a nonparametric population size estimator that is designed to
accommodate some key aspects of the A.C.E.: missing values, erroneous enumerations, and extra covariates affecting the missingness and
correct enumeration. The resulting estimates are compared with estimates from a conventional post-stratification and a logistic regression

approach in an analysis on the 2000 Census A.C.E. data.
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1. INTRODUCTION

Dual system capture—recapture surveys have been conducted
in 1980, 1990, and 2000 in conjunction with the last three de-
cennial U.S. Censuses. Their main objective was to obtain in-
formation on the population net coverage and enumeration er-
rors for both the whole population and subpopulations defined
by race, geographic region, age, and other demographic/socio-
economic variables. The 2000 Census Accuracy and Coverage
Evaluation (A.C.E.) consisted of two surveys. The first survey
verified the census enumerations on selected sample block clus-
ters of the census. The data collected was the enumeration (E)
sample. The aim of the E sample was to identify erroneous enu-
merations, such as fictitious records and people who were born
after or who died before the census date. The second survey was
independent of the first one and was conducted soon after the
census in the same sample block clusters of the E sample. The
data collected was the population (P) sample; the purposes were
to identify “matches” (recaptures) to the census records and
to facilitate estimation of the E-sample enumeration probabil-
ity; see Hogan (1992, 1993, 2000a, 2000b), Haberman, Jiang,
and Spencer (1998), and Bell (1999) for comprehensive discus-
sions on the dual system surveys. The US is not the only coun-
try that conducts the dual system surveys to gain information
on the accuracy of the census counts. Australia, New Zealand,
Turkey, Switzerland, and the UK also carry out similar surveys
to evaluate their national censuses; see Census Customer Ser-
vice (2002), Dunstan et al. (2001), Ayhan and Ekni (2003), and
Rhind (2003).
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It is known that different individuals may have different prob-
abilities of being enumerated in the census (Hogan 1993 and
2000b); this is called heterogeneity in enumeration. A group
of variables called ROAST is known to differentiate the het-
erogeneity in the census enumeration (Hogan 1993). Here, RO
stands for race/(Hispanic) origin, A for age, S for sex, and T for
housing tenure (owner or renter).

Let X = (X1, ..., Xy) be a vector of covariates that influences
the enumeration of individuals. We set Y to be a binary indicator
that takes a value 1 for enumeration and O otherwise for each
E-sample person. The enumeration probability of an individ-
ual with covariates X = x is p(x) = P(Y = 1|X = x). Without
the P sample, only individuals with ¥ = 1 would be observed
and that is insufficient for the estimation of p(x). The P sample
makes estimation feasible by providing enumerations with both
Y outcomes. As Y = 1 indicates a match (recapture) to a census
record, p(x) is also called the match rate function.

Figure 1 displays the kernel estimates of the match rates as
a function of age for selected values of region and the other
ROAST variables. The estimates are based on the 2000 A.C.E.
data using nonparametric imputations for missing values based
on the kernel estimator approach shown in Section 5. The es-
timated p(x) indicates strong heterogeneity with respect to the
age, region, and ROAST variables. Each panel in Figure 1 dis-
plays a V-shape within the age range of 18 to 29. This age in-
terval is known for having fluctuating enumeration properties.
However, the specific details of this V-shape vary substantially
for different regions and the discrete ROAST combinations.

Post-stratification (Sekar and Deming 1949) has been the
method used in the U.S. Census to counter heterogeneous enu-
merations by subdividing the covariate space. Although it re-
duces the heterogeneity, there is still a substantial amount that
is unaccounted for, as shown in Figure 1. One limitation of the
post-stratification is that continuously valued covariates such as
age are grouped into discrete categories. This implies that p(x)
is piecewise constant with respect to the age strata. Any remain-
ing heterogeneity may result in “correlation bias” (Wolter 1986;
Chen and Lloyd 2000) in the population size estimates. The
other limitation of the post-stratification approach is that some
strata have small sample sizes. To control the variance, small
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Figure 1. Estimates of the enumeration function p(x) by the local post-stratification (solid line), post-stratification (dashed line), and logistic

regression (dotted line).

strata are usually combined but doing so increases the hetero-
geneity.

There have been numerous studies that use additional data
sources in conjunction with the census dual system surveys.
Wolter (1990) and Bell (1993) considered correcting the cor-
relation bias within each post-stratum by utilizing demographic
analysis (DA) information. Elliott and Little (2000, 2005) pro-
posed Bayesian hierarchical modeling approaches that can im-
plement constraints on the DA cell counts. Another source is
administrative records. This provides information on sections
of the U.S. population based on Medicare, Social Security, and
the Internal Revenue Service files. The administrative records
may be considered as a third system in addition to the dual sys-
tem E and P samples. The triple system approach and its model-
ing for the 1990 post-enumeration survey have been discussed
in Darroch et al. (1993), Zaslavsky and Wolfgang (1993), and
Chao and Tsay (1998).

In this paper we propose a local post-stratification approach
for the dual system estimation for the 2000 Census A.C.E.
study. The local stratification is made through nonparametric
kernel estimation of the match and correct enumeration prob-
ability functions. The kernel estimation produces a local stra-
tum around each value of the covariate X. The size of the local
stratum is allowed to shrink as the number of observations in-
creases. This leads to the removal of the “correlation bias.”

The proposed local post-stratification approach can accom-
modate categorical covariates. This suits the census well since
large numbers of covariates are of this type. The local post-
stratification approach constructs strata with respect to the
categorical covariates by combining data within a ring of the
neighboring strata. This potentially leads to variance reduction
compared with the traditional post-stratification estimates that
only utilize information from within each stratum.

The paper is organized as follows. Section 2 outlines the
dual system capture recapture estimation. Section 3 discusses
the missing values and erroneous enumerations in the A.C.E.

Section 4 introduces the nonparametric kernel estimators. Sec-
tion 5 discusses the missing value imputation and the proposed
population size estimator. Section 6 discusses the smooth-
ing bandwidth selection for the local post-stratification. Sec-
tion 7 describes the post-stratification and logistic regression
approaches. Section 8§ analyzes the A.C.E. data and provides
population undercount estimates for the U.S. population and
various demographic and geographic subpopulations. Results
from a simulation study are reported in Section 9. Section 10
discusses our conclusions.

2. DUAL SYSTEM ESTIMATION

Let £ and P be the sets of individuals enumerated by the E
and P samples, respectively, . and n;, be the respective sample
sizes, and £T be the set that includes the E sample and other
census enumerations in one ring of blocks surrounding £. Here
ET reflects the Target Extended Search (TES) operation in the
A.C.E. that was designed to reduce the variance on the dual
system estimates associated with census geocoding error. This
also was designed to reduce bias from potential A.C.E. listing
errors.

Let X; be the covariate of the ith individual in P and Y; = 1
ifie PNET (e, if i € P but not in £1); otherwise, Y; = 0.
As E(Y;|X; = x) = p(x) due to the capture-recapture design,
the E-sample enumeration probability p(x) can be estimated
based on {(X;, Y,-)}?i1 via binary regression. A heteroscedas-
tic nonparametric regression model is E(Y;|X;) = p(X;) and
var(Y;|X;) = sz (X;) with the forms of p(x) and apz (x) both un-
known.

Suppose that there are no erroneous enumerations, there are
no missing values, and that each individual has a nonzero prob-
ability to be enumerated in the census. Let p(x) be a consistent
estimator of p(x). A Horvitz—Thompson type estimator of the
population size N is

A 1
N=3) . @1
= pXi)

where C denotes the set of census records.



Chen, Tang, and Mule, Jr.: Local Post-Stratification for U.S. Census

The above estimator is not the most efficient in dual system
capture—recapture experiments. Let g(x) = P(enumeration by
the P sample|X = x) be the P-sample enumeration probability
and g(x) = p(x) + g(x) — p(x)g(x) be the probability of being
enumerated by either sample. Chen and Lloyd (2002) proposed
a more efficient estimator than (2.1), with

- 1

N = —, 2.2)
where g(x) is a consistent estimator of g(x). This is a two-
way approach as the E-sample is used to calibrate the P-sample
enumeration g(x) as well. The estimators proposed by Huggins
(1989) and Alho (1990) are of this type. However, the dual sys-
tem A.C.E. is insufficient to do the estimation of the P-sample
enumeration g(x). Hence, the A.C.E. is a one-way approach in-
stead. As noted in Alho et al. (1993) the one-way approach pre-
vents one from obtaining the so-called triples that are needed
to use the two-way estimator (2.2) based on logistic regression
methods.

The one-way estimator (2.1) cannot be applied to the cen-
sus dual system estimation without some modifications. This
is due to the presence of missing values and erroneous enu-
merations. Modifications are also needed to include some extra
variables that are related to the correct enumeration function
and the missing value mechanism. An aim of this paper is to
extend (2.1) so that it can be used for the A.C.E. estimation.

3. ISSUES IN A.C.E.

Missing values are significantly present in both samples of
A.C.E. The match indicator, Y;, may be missing if i is an
unresolved case. Erroneous enumerations are invalid records
and lead to overestimation of the population size. Hogan
(1993) and Haberman, Jiang, and Spencer (1998) described
two main sources of missing values. One source are those
who should not have been enumerated. These include dupli-
cates, fictitious records, and people born after or who died
before the census. The other source are enumerations in-
cluded in the wrong geographical location. The E sample is
designed to identify the erroneous enumerations based on in-
formation collected during the initial or follow-up interview.
Let n, be the total number of enumerations in the E sample,
which consists of both correct and erroneous enumerations.
Fori=1,...,n,., let e; =1 if i is a correct enumeration, ¢; = 0
if i is an erroneous enumeration. The indicator e; is also subject
to missing like Y;.

Research on the U.S. Census reveals that in addition to the X
(ROAST plus region), the groupings of match codes were an-
other covariate related to enumeration status (U.S. Census Bu-
reau 2004). These match code groupings (MCG) are mutu-
ally exclusive and exhaustive groups based on the match codes
before the follow-up operation. Some information from the
follow-up operation was coded in time to be used as well to
form these groups. As illustrated in the analysis by Belin et al.
(1993) of the 1990 post-enumeration survey, individuals with
certain MCG status had a lower probability of being correctly
enumerated. In general, let S; be any extra variables that affect
the correct enumeration status e;. We assume a nonparametric
regression model: E(¢;|X;, S;) = e(X;, S;) and var(e;|X;, S;) =
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aez(Xi, S;) where both e(x, s) and ‘732 (x, s) are unknown. Here
e(x, s) is the correct enumeration function.

Unlike X, the extra covariates S are not available for the cen-
sus enumerations outside the A.C.E. We overcome this issue by
defining e(x) = E{e(X, S)|X = x}, which is the marginal cor-
rect enumeration function, by conditioning on the observable
X = x. Then, the population size estimator (2.1) is modified to

be
~ e(X;
N= f(X‘), 3.1)
ieC p(X;)
where e(x) and p(x) are consistent estimators of e(x) and p(x),
respectively.

Missing values and erroneous enumerations are likely to be
present in other capture—recapture experiments for both wildlife
and human populations. However, these issues, as far as we
are aware, have not been well studied in the literature. This
is partly due to the fact that the ability to identify erroneous
enumerations may require substantial resources. It also appears
that there is a lack of a general estimation theory about how
to handle both erroneous enumerations and missing values in
capture—recapture surveys.

4. LOCAL STRATIFICATION VIA
KERNEL ESTIMATION

The key components in the population size estimator (3.1)
are the estimates of p(x) and e(x). The proposed local post-
stratification approach estimates these two functions based on
nonparametric kernel smoothing. We consider in this section
the case where there are no missing values in Y; and e;. The
incorporation of missing values will be discussed in the next
section.

The local post-stratification is an alternative to the post-
stratification typically used in dual system estimation. Pollock
(1976, 1991) proposed a parametric approach that can be used
for the estimation of p(x) and e(x). The logistic regression
model of Huggins (1989), Alho (1990), and Alho et al. (1993)
may be modified to suit the one-way matching of the A.C.E.
The main limitation of the parametric approach is the risk of
model misspecification. When that happens, systematic model
bias is present in the estimates. An aspect that encourages
our proposed nonparametric estimation is that there is a large
amount of data collected—the A.C.E. has more than 700,000
records in both samples. With this amount of data, the need to
specify a parametric model is reduced. We illustrate local post-
stratification in the estimation of p(x). The estimate of e(x, ) is
formulated in the same way.

The covariate X consists of both continuous and categorical
variables. We treat age as a continuous variable as smoothing
of an ordered categorical variable is essentially the same as the
smoothing of a continuous variable (Simonnoff 1995). Most
variables in the census are unordered categorical. Write X; =
(X7, X¥) where XY is d.-dimensional and continuous and X is
d,-dimensional and unordered categorical with d. + d,, = d.

To smooth the continuous covariates, we propose to use a d,.-
dimensional kernel K, which is a radially symmetric probability
density function in R Let Kj(x) = h~%K(x/h) where h is a
smoothing bandwidth than controls the amount of smoothness
of the kernel estimate (Hardle 1990; Fan and Gijbels 1996).
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Without loss of generality, we choose K(u) = ]_[;.1;] K (u;),
where K (-) is a symmetric univariate density function. We use
Ki(x) =15/16(1 —x)2I(|x| < 1) throughout the paper.

To smooth unordered categorical covariates, we use the dis-
crete kernel proposed by Aitchison and Aitken (1976); see also
Hall (1981), Racine and Li (2004), and Hall, Racine, and Li
(2004). Smoothing categorical variables is designed to utilize
data from the neighboring strata to help improve the estimation
efficiency. The neighboring strata may have similar characteris-
tics as the target stratum. One way to define neighboring strata
for a target cell x is based on the number of different com-
ponents from x”. The nearest neighbors consist of cells that
have only one different component, the second-nearest neigh-
bors have two different components and so on. We believe the
strata that are more similar to x* should lend more information
to the estimation at x“ than the strata with more differences.
This data borrowing is ideally suited for the census since small
post-strata sizes are often encountered.

Suppose XZ the jth component of XY, takes ¢; values in
{0,1,...,¢j — 1}. The bandwidth for smoothing Xl’; is A; and
the kernel weight at ijf is

1= 4
LIXg #2),

MIXY = x) + =
where /() is the indicator function and A; takes values in
[cj_l , 1]. Assigning A; = cj_l leads to a uniform weight irrespec-
tive of the difference between XZ and xj’.’, whereas A; =1 gives
a weight of 1 if X;‘j = x]’-‘ and zero otherwise, which coincides
with the standard frequency weight. The other A; values be-
tween cj*1 and 1 offer a range of choices for efficiency improve-
ment. The kernel used to smooth the entire X} = (X}, ..., X;.‘du)
atx* = (xf, ... ,xzu) is

d, u

1— 4
L(x",x;‘;m=]_[{xj1(x;;=x;’)+ c-—1jl( ;;;Ax;‘)}, (4.1)
]

J=1

where A = (A1, ..., Aq,) is the bandwidth vector. The overall
kernel weight drawn from X; = (X{, X}) for local estimation at
x = (x°,x*) is Kj(x® — X{)L(x", X¥; 1).

The kernel estimator of p(x) with no missing values is

L Kh(x¢ — XOLX", XY )Y,
> Kn(x¢ — XOL, X5 1)

po(x) = 4.2)

The above estimator belongs to the class of Nadaraya—Watson
type kernel regression estimators (Hardle 1990 and Signorini
and Jones 2004). It has similar properties as the estimator con-
sidered in Racine and Li (2004) that accommodates both con-
tinuous and discrete covariates. The kernel estimator (4.2) car-
ries out a weighted average of the binary responses Y; in such a
way that the “closer” a X is to X, the larger the weight assigned
by the a kernel. An estimator for e(x, s) based on the E-sample
records is obtained by changing Y;, np, and X; in (4.2) to ¢;, n,,
and (X, S;), respectively.
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5. INCORPORATING MISSING VALUES

As illustrated earlier, both the match and correct enumeration
indicators ¥; and e; can have missing values. Let §; and n; be
the missing value indicators of Y; and e;, respectively, namely
8i, ni = 0 (1) for missing (observed) Y;, ¢;. In this paper, we
account only for missing values of Y; and e;. An extension to
account for the missing values of covariates X; will be consid-
ered in a separate study. Extensive effort has been made to carry
out follow-up interviews to collect more information for subse-
quent matching. Reasons for sending cases out for a follow-up
interview are related to the missingness in Y and e. We take this
into account by incorporating extra variables Z in the estima-
tion.

Missing at random (MAR) (Rosenbaum and Rubin 1983) is
an important assumption in missing data analysis. This assump-
tion means that P(5; = 1|Y;, X;) = P(§; = 11X;) =: wp(X)).
Here, w), is the missing propensity of Y;.

The MAR in the above form may not be a realistic assump-
tion for the census. Analyses on the census data indicate that ex-
tra variables in addition to X; may be associated with the miss-
ingness. For instance, the match code groups (MCG) and the
mover status (nonmover or in/out-mover) in the P sample have
been shown to be influential in Belin et al. (1993) and Cantwell
et al. (2001). To reflect these prior results, we shall also assume
that in addition to Xj, there are extra P-sample covariates Zi-’
that are related to the missingness of Y;. Specifically, we as-
sume that Y; is missing at random given (X, Zf )

PGS = 11Y:. X1, Z0) = P(5: = 1[X0. Z)) = wp (X, Z0),  (5.1)

where w)(x,z) is the unknown P-sample missing propen-
sity. At the same time, we assume E(Y|X,Z”) = p(X) and
var(Y|X, ZP) = o2(X) which means that Z” does not have any
predictive power for the enumeration of individuals.

For the missingness of ¢;, we assume that e¢; is MAR given
(Xi, Si, Z7) where Z¢ are extra E-sample variables that affect
the missingness of e;, namely

P(n;=1le;, X, Si, Z[e) =P =1X;,S;, Zf)

=:w.(X;, S;, Z7). (5.2)

Like Zﬁ-’ , Zf does not affect the correct enumeration, namely
E(e|X,S,Z¢) =e(X,S) and var(e|X, S, Z¢) = 0 %(X, S).

We now discuss estimation of p(x) and e(x, s) in the pres-
ence of missing values. We first introduce the so-called com-
plete case estimator

1 Kn(x¢ = XL, X4 1)8;Y;
Yol Kn(x€ = XL, XY; 1)3;

Pe(x) = (5.3)

Although this estimator is consistent, its efficiency can be im-
proved (Chen and Tang 2008a) by imputing each missing Y; by
Dc(X;). This leads to the imputation based estimator

L1 Kn(x¢ = XOLK, XY M8 + (1 — 8)pe (X))

p(X) =
P L Kn(x¢ — XOL(x, XY X)

(5.4)
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The complete-case estimator for e(x, s), say é.(x, s), can be
formulated in a same way by using the discrete kernel smooth-
ing on S. As S is not observable outside the A.C.E., we estimate
the marginal correct enumeration e(x) = E{e(X, S)|X = x} by

2(x) = Y Kp(x“ — XOL(X", X5 1)

i=1

x {nie; + (1 — npec(X;, Si)}

Ne
D Kn(x* — X)L, XY 1),
i=1

(5.5)

With the kernel estimators e(x) and p(x), the local post-
stratification estimator of the population size that takes into ac-
count both erroneous enumerations and missing values is

C e e(X))
N= Xc: pXi)

(5.6)

which is of the same type as those in Haberman, Jiang,
and Spencer (1998) and Griffin (2005). Conditions under
which (5.6) and e(x) are consistent are available in Chen, Tang,
and Mule (2009). See also Chen and Tang (2008b) for more
technical details.

The population size of a small geographic area or demo-
graphic domain, say S, can be estimated by

. e(Xy)
V5= 2 S
ieCNS !

6. BANDWIDTH SELECTION

5.7

In implementing the nonparametric estimation, the smooth-
ing bandwidths (k, L) need to be determined. We propose two-
stage bandwidth selection based on a cross-validation. The first
stage selects the bandwidth for smoothing the continuous vari-
able, and the second stage selects the ones for smoothing the
discrete variables.

For the estimation of p(x), the discrete variables x* are
{x{(Race Domain), x5(Region), x5(Sex), xj(Tenure)} which
define 112 cross-classification categories {C(x")}. While the
three large race domains (White, Hispanic, and Black) have a
large amount of data, the other domains experience different
levels of sparsity. The same is seen for renters and owners. To
reflect the varying levels of sparsity in the data, we select 112
h-bandwidths for each category. Let

ZjeP,j;éi Kp(x© — Xf)L(X“, X?; L)d:Y;

x) = ,
P e T Kn (X — XOL(, X' 0)3,

o,

be the complete case estimator formed by leaving out the
ith individual, and let h(x") be the h-bandwidth used in the
x“-category C(x"). The first-stage cross-validation (CV) score
function for selecting h(x") is

CVeh) = Y (Yi—p, | X)s:,
ieC(x")
found by setting the discrete bandwidths A to 1, the vector of 1s.

Let AV (x*) be the bandwidth that minimizes CV.(h). We repeat
this procedure for all 112 categories by changing x* values.
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In the second stage, we define the CV score for A =
(AM,..., g) as

i 2
CVu) = D {Yi = By aexy ) 00
ieP
which is found by plugging in the 4 (x") obtained in the first
stage. We choose L<V(x") by minimizing the above CV score.
These procedures can be used to select bandwidths for e(x, s).

7. POST-STRATIFICATION AND
LOGISTIC REGRESSION

When we analyze the census data, two other approaches are
compared with the proposed local post-stratification estima-
tor (5.6). The first is post-stratification. This approach has been
used in the past three census dual system estimations. The sec-
ond uses a logistic regression approach to estimate the match
and correct enumeration probabilities. This is the approach that
is planned to be implemented for the 2010 Census Coverage
Measurement.

7.1 Post-Stratification

Post-stratification is designed to form homogeneous post-
strata with respect to the census capture probabilities (Hogan
2003). In addition to reducing heterogeneity, the post-strata are
used for synthetic estimation of subpopulations below the post-
stratum level. To allow consistency and comparability between
the local post-stratification and the post-stratification, both ap-
proaches use region, race/Hispanic origin domain, age, sex,
and tenure as the covariates. Specifically, we use race/Hispanic
origin (7 levels: American Indian or Alaska Natives on Reser-
vation, Off-Reservation American Indian or Alaska Native,
Hispanic, Non-Hispanic Black, Native Hawaiian or Pacific Is-
lander, Non-Hispanic Asian, and Non-Hispanic white or other
races), Region (4 levels: Northeast, Midwest, South, and West),
housing tenure (2 levels: owner and renter), sex (2 levels),
and age. For the three large race domains (Hispanic, Black,
and White), the age and sex are combined to form 8 groups:
(0-9, 10-17, 18-29 male, 18-29 female, 30—49 male, 30—49 fe-
male, 50+ male, and 50+ female). Each of the three larger
domains has 64 post-strata, formed by crossing the 4 regions
with the 2 tenures and the 8 age/sex groups. For the two smaller
race domains, American Indian living on reservation and Non-
Hispanic Asian, we combine the Northeast, Midwest, and South
regions into one region. Thus, each of these two domains has 32
post-strata by crossing 2 regions with 2 tenures and 8 age/sex
groups. For American Indians living off reservation, there are
only 16 strata after we combine all regions into one. For the Na-
tive Hawaii and Pacific Islander domain, there are only 8§ strata,
formed by crossing 2 housing tenures with 4 age/sex groups:
(0-9, 10-17, 18+ males, 18+ females). This collapsing led to
a total of 280 post-strata that are different from the post-strata
used for the March 2001 A.C.E. or the A.C.E. Revision II.

This post-stratification was based on research in Schindler
(2008). It was able to utilize region more effectively when
forming post-strata for several of the minority domains. The
age/sex groupings are the same as those used in the A.C.E.
Revision II estimation. The post-stratification for the A.C.E.’s
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original estimates (Haines 2001) or the A.C.E. Revision II esti-
mates (Kostanich 2003) used region only for the Non-Hispanic
White domain.

Let {Sl}ﬁ? be the 280 post-strata defined by the covariates in
ROAST plus region. Let ny; and n,; be respectively the num-
bers of P-sample and E-sample observations in the stratum S,
and 71,¢; be the number of definite matches in ;. The underly-
ing assumption of post-stratification is that both p(x) and e(x)
functions are piecewise constant within each stratum. Under
this assumption, the equivalent form of the imputation-based
local post-stratification estimator (5.4) is
ﬁ!’d + n;el

Psi(X) = forx € S, (7.1)

npj
where n; .; 18 the number of imputed matches assigned to the un-
resolved cases. The post-stratification estimator eg(x) for e(x)
is similarly defined. The post-stratification based population
size estimator is
280 A
o e51(Xi)
M= =%
(Xi)

=1 ies, Ps!

(7.2)

We have not incorporated the sampling weights when formulat-
ing these estimators in order to keep the notation simple. Analy-
sis of the A.C.E. data in Section 8 incorporates the weights.

7.2 Logistic Regression

The following logistic model with 86 main effects and inter-
actions was considered for p(x):

logit{piog (x)}
= Intercept + Age + (Age2 — (Age — 17)3_)
+ (Age — 17)4 + (Age — 20)4 + {(Age —20)%
— (Age — 50)1} + (Age — 50)+ + Race + Sex
+ Tenure + Region + Race * (Tenure 4 Sex)
+ Tenure * Sex + (Tenure + Sex + Black + Asian
+ Indian on Reservation) * Age Splines
+ Regions * (Tenure + Hispanic + Hispanic * Tenure
+ Black + Black * Tenure + Asian

+ Asian  Tenure), (7.3)

where (a)+ = al(a > 0) is the positive truncation function, race
corresponds to the seven racial domains, and Hispanic, Black,
Asian, and American Indian on Reservations are binary indica-
tors of being in that domain. A similar model is used to model
e(x,s).

In addition to the main effects and their interactions based
on the four discrete variables race, sex, tenure and region, the
logistic regression model uses six truncated polynomial pieces
to form age splines. The age splines specify quadratic forms
from age O to 17 and from age 20 to 50. It also specifies a lin-
ear form from 17 to 20 and from age 50 on; see Mule et al.
(2007) for more details. The logistic model also includes inter-
actions between the four discrete covariates and the six polyno-
mial splines. This is an attempt to model the age effect continu-
ously instead of keeping it fixed over post-strata. Smith (1979)
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presented a spline regression based on truncated polynomial
functions that allows standard multiple regression procedures
to be used. Malec et al. (1997) used piecewise linear splines to
model the age effect in their small area inference in the National
Health Interview Survey. Nandram and Choi (2005) used a sim-
ilar join-point regression model of age in hierarchical Bayesian
nonignorable nonresponse regression models for small area es-
timation.

A similar logistic regression model to (7.3) is used to model
the correct enumeration function e(x,s). Griffin (2005) pro-
vides details on applying the logistic regression approach for
missing values and extra covariate in estimation of e(x, s). Let
Dlog () and &;,4(x) be the logistic regression estimators of p(x)
and e(x). The logistic regression based population size estima-
tor 1s

Nl _ Z élog(xi)
S Prog(Xi)

The logistic regression approach represents a step forward
from the post-stratification in actively modeling heterogeneity
in the enumeration and correct enumeration due to covariates.
The model of the heterogeneity is described fully parametri-
cally by (7.3). Like any parametric approach, it is subject to
the risk of model misspecification. The proposed local post-
stratification is similar to the logistic regression in that both try
to incorporate the age effect and the interactions among the co-
variates. The difference is that the local post-stratification ap-
proach does not impose the effects of the covariates explicitly
and allows the data determine it.

(7.4)

8. ANALYZING CENSUS DATA

We analyzed the 2000 A.C.E. data using the three popu-
lation size estimators: the local post-stratification, the post-
stratification, and the logistic regression. All three estimators
used the same set of covariates, ROAST plus region, in the es-
timation of p(x) and ROAST plus region plus MCG in the esti-
mation of e(x, s).

We used the March 2001 A.C.E. data to estimate p(x) and
e(x) first. We then constructed population size estimates for
each category in {C(x")} defined by the four discrete covari-
ates. Each record in the samples is properly weighted reflecting
the multiphase sampling procedure in the census.

We are aware that there are some measurement and enumer-
ation errors in the original A.C.E. estimates. Results reported
here are for research purposes only to show the performance of
different estimation procedures. We could carry out our estima-
tion based on the A.C.E. Revision II data that corrected some
errors in the A.C.E. These corrections were based on the re-
sults of additional computer matching and a further evaluation
of a 10% subsample of the full A.C.E. data (U.S. Census Bu-
reau 2004). Our choice of the original A.C.E. data is to show
how different estimation approaches work for the usual dual
system estimation situation without having to deal with the spe-
cial A.C.E. issues. Also, since the full A.C.E. has 10 times more
data than the evaluation sample, using the full data will largely
reduce the variability of the final population size estimates.

In the 2000 census, a person with two or more recorded char-
acteristics is called a data-defined person. Let D be the set of
data-defined census persons, which is a subset of all census
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Figure 2. Estimation of the correct enumeration function e(x) by the local post-stratification (solid line), post-stratification (dashed line), and

logistic regression (dotted line).

persons C. People with fewer than two characteristics recorded
(non-data-defined persons) were removed from the E sample
and the correct enumeration determination. These cases were
also excluded from matching of the P sample to the census.
The number of removed persons was about 8,000,000. For the
estimators shown in (5.6), (7.2), and (7.4), we restrict C to D.
For the P sample, we used only the nonmovers and out-movers,
namely Procedure A for handling movers. As expected, our es-
timates are lower than the A.C.E. estimates released in March
2001 that used the PES-C method (which used the in-movers
to estimate the total mover population and out-movers to deter-
mine the match rate of the mover population) for most of the
post-strata (U.S. Census Bureau 2004).

In addition to Figure 1 shown earlier, we display in Fig-
ure 2 the kernel estimates of e(x) for the same categories of
{C(x")} shown in Figure 1. Both Figures 1 and 2 contain es-
timates using the post-stratification and the logistic regression
approaches so comparisons can be made among the three. It is
observed from these figures that the region and ROAST vari-
ables contribute significantly to the heterogeneity seen in both
the enumeration and correct enumeration functions. The age ef-
fect was the most noticeable, as seen by the dip in enumeration
probability between age 17 and 25. The kernel estimates also
change significantly with respect to the other ROAST variables.
Although the post-stratification accounted for much of the age
heterogeneity, some still remained. The local post-stratification
revealed more details on the heterogeneity than seen by the
post-stratification. The logistic regression estimates were able
to account for more heterogeneity than the post-stratification.
However, its use of linear or quadratic polynomials over the
predetermined age groups made its results less responsive to lo-
cal data features, as is evident from the local post-stratification
approach.

To gain information on the missingness, we show in Figure 3
the kernel estimates of the missing propensity score w,(X, z¢)
with z¢ being the matching code group (MCG) variable. These
estimates can be constructed in the form of (4.2) by replacing

Y; with the missing indicator n;. Figure 3 shows that, like the
enumeration and correct enumeration functions, there is a lot
of heterogeneity in the missing propensity function. Panel (a)
shows that MCG is associated with different levels of miss-
ing propensities. The heterogeneity in the missingness also dif-
fers among the different race/domain groups, as seen in pan-
els (b), (c), and (d). These confirm the association of MCG with
missingness in the E-sample correct enumeration.

For the post-stratification and logistic regression estimates,
we implemented similar missing data procedures as those used
in the A.C.E. (Cantwell and Ikeda 2003). When the correct
enumeration or match status was missing, mean cell imputa-
tion was used. For the correct enumeration status, initial cells
were formed based on the match code groupings. As in the
A.C.E., additional cells were formed within some of the match
code groupings. Three of the groups were split into (i) Non-
Hispanic whites and (ii) all others. The partial household non-
matches group was split into (i) whether the case was an 18
to 29 year old child of the reference person or (ii) all other
cases. For match status, nonmovers and out-movers were the
two cells formed. The estimates from these two approaches did
not utilize certain covariates, such as the amount of character-
istic imputation or the results of housing unit matching, that
were used in the A.C.E. This was done so that these results
could be more comparable to the results based on the initial X
and extra Z covariates used in the local post-stratification ap-
proach.

As can be seen from the estimator shown in (5.6), the func-
tional ratio of e(x)/p(x) contributes significantly to the popula-
tion size estimates. We call it the correction ratio function. If, in
an ideal situation, e(x)/p(x) = 1 for all x or is piecewise con-
stant with respect to the post-stratification, then there would be
no bias in the population size estimates despite the heterogene-
ity in both p(x) and e(x) seen in Figures 1 and 2. This would
mean that the bias due to the heterogeneity in p(x) and e(x) are
canceling each other. To check on this possibility, we plot in
Figure 4 estimates of e(x)/p(x) based on the three estimation
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Figure 3. Estimates of the E-sample missing propensity function by the local post-stratification for selected MCG groups and the racial
domains; MCG 4—Whole household nonmatches where the housing units matched, MCG 7—Household nonmatches where the housing units
did not match in housing units matching, and MCG 10—Target Extended Search People.

approaches. As a reference, we also show the 95% confidence
bands for the local post-stratification estimates based on a jack-
knife method whose details will be provided later.

It is observed from Figure 4 that there is indeed some can-
cellation of the heterogeneity between p(x) and e(x). However,
the heterogeneity is still apparent in the correction ratios al-
though it is much less than the heterogeneity observed for p(x)
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and e(x). The reduction is expected because of a strong positive
correlation between the p(x) and e(x) estimates due to overlap-
ping E and P samples. We note from Figure 4 that the logistic
regression estimates of the ratio were quite different than the es-
timates from the local post-stratification and post-stratification
approaches over a large interval of ages. It suggests an increas-
ing and then decreasing trend in the ratio that is probably due to

(b) Northeast Asian Male Owner
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Figure 4. Estimation of the ratio of e(x)/p(x) by local post-stratification with 95% estimated confidence bound (solid line), post-stratification
(dashed line), and logistic regression (dotted line). A color version of this figure is available in the electronic version of this article.
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the forms of the age splines. Overall, we see that the local post-
stratification varies from the post-stratification estimates with
local post-stratification showing more local features. It is rea-
sonable to say that the correction ratios are heterogeneous with
respect to the covariate X. Hence, the correlation bias will be
present in the dual system estimates when the post-stratification
is applied. This is especially a concern for any synthetic es-
timates from the post-stratification approach as the estimates
would be subject to synthetic error.

We then calculated population estimates for each of the
112 categories {C(x*)} defined by the discrete covariates. Let
N(x") be the unknown population size of C(x"). We used the
census counts for these cells as the baseline and report the per-
centages of undercounts based on the population estimate

. e(X;)
Nay= D =55
iccon P (Xi)

8.1)

Let |C(x*)| be the census count for C(x*), so the total census
count is |C| = ) .. |C(x*)|. The percentages of undercount in
C(x") and in the entire census are, respectively,
N —1Cx")| N—c|
_— and U= —-.
N(x%) N

To obtain the standard errors, we used a jackknife variance
estimation approach (Shao and Wu 1989), which is commonly
used in estimating variance in survey samples (Shao and Tu
1995 and Wolter 2007). The conventional delete-one jackknife
variance estimation approach is not applicable since the pri-
mary sampling units (PSU) in the A.C.E. are clusters of col-
lection blocks. Deleting one individual or even one house-
hold is inadequate in reflecting the multiphase sampling pro-
cedure used in the A.C.E. and would result in biased vari-
ance estimates. To respect the multiphase sampling procedure
in the A.C.E., we considered the delete-one-PSU method for the
jackknife variance estimation. Because the delete-one PSU ap-
proach results in a large number of replicates (around 30,000),
we formed 100 random groups according to the last two dig-
its of the cluster identification numbers. We then performed the
jackknife variance estimation based on the 100 random groups.
For the proposed local post-stratification estimation, let p~/(x)
and ¢7/(x) be the estimates of p(x) and e(x) made by leaving
out the jth group. The leave-out-one-group correction ratio es-
timate is 77/ (x) = ¢7/(x)/p(x). Based on the 100 jackknife
replicates, the variance of 7(x) is estimated by

u(x") = (3.2)

100

9 .
— N ® - ),
100; k

v%(x) = (3.3)

which is used to form the 95% confidence bands for the correc-
tion ratio as shown in Figure 4. The jackknife replicates for the

populations size are, forj =1, ..., 100,
i — Z %7]1(Xi) 7
~ p~1(X;)
ieC

and the jackknife variance estimate of N is vjzv = % X

> }:O(f (N~ —N)2. The jackknife variance estimation of the pop-

ulation size estimates and percentages of undercounts for other
subpopulations can be carried out in a similar fashion.
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Table 1. The estimates of percentage undercounts and their standard
errors (in parentheses) for the local post-stratification (Local P-S), the
post-stratification (P-S), and the logistic regression (Logistic)
estimates for selected demographic aggregates. AIANR means
American Indian or Alaska Native on reservations while AIANO
means American Indian or Alaska Native off reservations

Domain Local P-S P-S Logistic

U.S. National 0.94 (0.15) 0.92 (0.15) 0.92 (0.15)
AIANR 3.47 (1.66) 448 (1.19) 4.45(1.14)
ATANO 2.45(1.19) 2.81(1.14) 2.57 (1.11)
Hispanic 2.46 (0.37) 2.45 (0.36) 2.44 (0.36)
Non-Hisp Black 1.87 (0.31) 1.82 (0.30) 1.83 (0.31)
Hawaiian & PI 5.10 (3.11) 4.59 (2.87) 4.55(2.91)
Non-Hisp Asian 0.63 (0.66) 0.56 (0.66) 0.51 (0.65)
White & Other 0.48 (0.15) 0.47 (0.16) 0.46 (0.16)
Northeast 0.21 (0.27) 0.19 (0.27) 0.27 (0.28)
Midwest 0.30 (0.18) 0.30 (0.18) 0.28 (0.19)
South 1.63 (0.24) 1.60 (0.24) 1.56 (0.25)
West 1.09 (0.30) 1.08 (0.30) 1.09 (0.30)
Owner 0.22 (0.17) 0.23 (0.17) 0.22 (0.17)
Renter 2.48 (0.25) 2.40 (0.26) 2.40 (0.25)

Table 1 reports the percentages of undercounts and their
standard errors for the entire U.S., the seven race/origin do-
mains, the four regions, and housing tenure using the three es-
timation approaches. Figure 5 shows the undercounts for the
80 age groups and Figure 6 shows the correction ratios for four
of the 112 demographic categories. The undercount estimates
among the three estimation methods are not that different for
broader aggregates of demographic categories including the en-
tire U.S., the two types of housing tenure, and the four regions.
This is satisfying and shows that the effect of the correlation
bias with the post-stratification estimate is not very severe for
larger population aggregates. This is not due to a lack of the cor-
relation bias in the dual system estimation, but rather the can-
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Figure 5. Estimated percentage undercount for single age groups
by local post-stratification, post-stratification, and logistic regression.
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Figure 6. Estimated correct ratio e(x)/p(x) and undercounts (given in the legends) for some demographic categories by the local
post-stratification (solid line), post-stratification (dashed line), and logistic regression (dotted line). The legends report the percentages of under-
count and their standard errors in parentheses. A color version of this figure is available in the electronic version of this article.

cellation of biases among sections of the population. Indeed,
when we evaluate estimates for smaller subpopulations, larger
differences emerge. These differences are seen in the estimates
for smaller racial domains in Table 1 and for single years of
age in Figure 5. The difference in undercount estimates are as
large as 1% in some places, which is substantial considering
the size of these subpopulations. Figure 6 shows that for even
smaller demographic categories there are large discrepancies
among these estimates.

The largest discrepancy (almost 1%) among the Table 1
estimates is for the American Indians living on reservations,
which has the smallest sample size in A.C.E. As the data is
sparse in certain areas of the covariate space (in particularly
for some of the age intervals), the local post-stratification em-
ployed larger bandwidths to smooth for age. Plots of the cor-
rection ratios show large differences for the three regions other

than “West” between the local post-stratification and the other
two approaches. This led to a lower population size estimate by
the local post-stratification approach. We note the undercount
estimates had a larger standard error for another small domain,
the Native Hawaiian and Pacific Islander. This is likely caused
by the sparsity of data among the jackknife replications in the
variance estimation.

The local post-stratification and the logistic regression pro-
duced similar single age undercount estimates. The post-
stratification significantly underestimates the undercount for
ages between 30 and 40, and 50 to 60, and overestimates the
results in some other age intervals as well. The local post-
stratification detects age heaping at ages 50 and 65, which re-
flects a known aspect of the census data. At the same time, the
logistic model produced a smoother trend of the undercount es-
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Table 2. State level research estimates of undercount percentage and their standard errors (in parentheses) for the local post-stratification
(Local P-S), the post-stratification (P-S), and logistic regression (Logistic)

Local P-S P-S Logistic
State r u i i i iy iy iy
Northeast region
MA 97.5 0.27 0.96 (0.27) 0.25 (0.27) 0.93 (0.27) 0.23 (0.27) 1.01 (0.28) 0.31 (0.29)
NY 95.1 04 —0.73 (0.29) 0.37 (0.29) —0.77 (0.29) 0.33 (0.29) —0.68 (0.31) 0.43 (0.3)
VT 96.1 0.18 —1.05 (0.29) 0.18 (0.29) —1.08 (0.3) 0.17 (0.29) —1.05 (0.3) 0.19 (0.3)
Midwest region
IL 96.6 0.55 —0.23 (0.24) 0.59 (0.24) —0.24 (0.24) 0.57 (0.24) —0.29 (0.24) 0.52 (0.24)
TIA 98.4 0.15 0.52 (0.17) 0.16 (0.17) 0.52 (0.17) 0.16 (0.17) 0.49 (0.17) 0.12 (0.17)
NE 98.4 0.33 0.93 (0.18) 0.34 (0.18) 0.93 (0.18) 0.34 (0.18) 0.89 (0.19) 0.31 (0.19)
South region
DC 96.1 2.44 2.14 (0.34) 2.51(0.34) 2.1 (0.34) 2.46 (0.34) 2.03 (0.35) 2.4 (0.35)
LA 97.1 1.59 1.74 (0.23) 1.64 (0.23) 1.69 (0.23) 1.6 (0.23) 1.65 (0.24) 1.56 (0.24)
X 96.5 1.89 1.72 (0.32) 1.95(0.32) 1.68 (0.32) 1.91 (0.32) 1.65 (0.33) 1.87 (0.33)
West region
AK 97.4 1.12 1.49 (0.33) 1.15 (0.33) 1.42 (0.32) 1.08 (0.32) 1.39 (0.35) 1.05 (0.35)
NV 96.1 1.05 0.2 (0.3) 1.08 (0.3) 0.16 (0.29) 1.05 (0.29) 0.17 (0.3) 1.06 (0.3)
NM 95.5 1.28 0.32 (0.28) 1.22 (0.28) 0.38 (0.28) 1.27 (0.28) 0.39 (0.29) 1.29 (0.29)

timates at the older ages as the age-splines did not allow any
local variation.

We then calculated population size estimates for the 50 states
and the District of Columbia (DC). This allowed us to evalu-
ate the results that the three approaches produced for smaller
local geographic areas. The states and DC are nested within
the four regions which have been used in the analysis so far.
Brown and Zhao (2008) has shown that estimates of smaller ge-
ographic/demographic areas are sensitive to synthetic assump-
tions, the non-data-defined cases and imputations. We consider
two sets of state estimates derived from a generic form in line
with (5.7):

fs= Y (- el

s (8.4)
ieCnS PXi)

where II(X;) denotes a rate function for an individual with co-
variate X; for being non-data-defined, and S denotes the state.
To examine the sensitivity to the non-data-defined cases, two
forms of II(x) were considered that led to two sets of state esti-
mates.

Results for selected states are shown in Table 2. The first set
of state estimates (i1; in Table 2) were obtained by assigning
II(X;) to be the indicator of whether the person record was non-
data-defined. This gave the same estimates as those shown ear-
lier that used (8.1). This estimator is equivalent to the first al-
ternative method in Brown and Zhao (2008). The second set
of state estimates (i;) was obtained by modeling the rate func-
tion II(X;) based on the census records. We used region, tenure,
and basic demographic variables to create 8,960 cross classifi-
cations of covariates for the local post-stratification and 9,072
for the post-stratification and logistic regression in the estima-
tion of II(X;). This is similar to the Census Bureau’s Census
Coverage Correction Factor approach (Hogan 2003; Brown and
Zhao 2008). The difference in the numbers of cross classifica-
tions was due to using different minimum age between the local

post-stratification and the other two methods. The local post-
stratification estimation started from age 1 by merging ages 0
and 1 together, while the other two methods started from age 0.
We also show estimates (iz) where we estimate the II(X;) rate,
correct enumeration rate and match rate for the 280 post-strata.
This is the same synthetic approach used by the bureau as re-
ported in Hogan (2003). This approach allocated the population
in each post-stratum proportionally to subgroup census counts
(including imputations).

Table 2 reports the results of the two sets of undercount
estimates for selected states grouped by the four census re-
gions together with their estimated standard errors. The results
show that the three estimation methods produced similar results
within each set of & or i1y estimates. There are some impor-
tant differences between the two sets of estimates for each of
the three estimating methods. This is similar to the findings in
Brown and Zhao (2008). It is seen that states with lower data-
defined rates like New York tended to have overcounts in the
it -estimates but have undercounts in the #;-estimates. The re-
verse was seen in the Midwest states like Nebraska and Iowa.
Results from the second set of estimates were very compara-
ble to the synthetic estimates based on 280 post-strata using the
bureau’s A.C.E. synthetic approach.

9. SIMULATION STUDY

To provide a finite sample evaluation on the performance of
the three estimation methods, we conducted a simulation study
on a simulated population with a structure that mimics the U.S.
population as described by the 2000 census. The size of the
simulated population was 281,421,906, which was the same as
the 2000 census count. The population was created by generat-
ing each person’s state according to the census state population
distribution. Each person after being assigned a state was given
the ROAST values according to the census marginal frequency
distributions for the state. We also tried to match the race by
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housing tenure distribution for each state. Except for the race-
tenure dependence, the ROAST variables within each state were
assumed to be mutually independent.

We designed p(x) and e(x) (no extra covariate Z) as well as
the missing propensity w,(x) and w,(x) in order to create the
simulated P and E samples, respectively. We tried to reflect the
heterogeneities in these functions as was revealed in the em-
pirical local post-stratification estimation for the A.C.E data.
The population heterogeneity was dependent on region (X1),
race (X3), (housing) tenure (X3), sex (X4), and age (Xs5), with
X being the latent state variable. The four discrete covariates
(Xo, X2, X3, X4) constituted 1428 nonoverlapping cells to which
each person’s characteristics (without age) belong uniquely.

Let
[(Xo, X2, X3, X4) =28Xo — D) +4(X2 — 1)

+2X3 = 1)+ X4, (9.1)

be a one-to-one mapping from the 1428 cells, and u(t; B) =
[1+ exp{—b(z; B)}]~" where B = (Bo, ... B10),

b(s; ﬂ)=ﬁo+ﬂ1t+ﬂ2¢(t_ﬁ3) +ﬂ5¢<t_ﬂ6)

Ba B7

t— Py
+58¢< B >

¢ (-) is the standard normal density, and (82, Bs, B3), (B3, Be,
Bo), and (B4, B7, B1o) represent, respectively, the location, dis-
persion, and the magnitude parameters. Having three ¢ (-)s in
b(t; ) mimics the fluctuations in p(x) as observed in the em-
pirical study.

At each cell determined by (Xo, X2, X3, X4), we assigned
p(X) = u(xs; ﬂl(p)) and g(x) = u(xs, ﬂl(g)) where the subscript
I =1(Xo, X2, X3, X4) as given in (9.1) and x5 denotes the age.
Here g(x) is the enumeration function that generated the P sam-
ple in the simulation. To create a difference in heterogeneity
among cells and to make the state variability within one region
smaller than the variability observed between two regions, we

randomly generated the parameters ﬂl(p) and ﬂl(g) from the fol-
lowing additive model:

Bi=Bo,x, + B1.x; + B2.x, + B3.x; + Baxys

where for any X,, a € {0,...,4}, B4 x, is a 11-dimensional
normal random vector with mean pu, and covariance matrix

Y, We set [Lg)) and Eép) as those given in Table 3, u(()p) =

p? =p? =u? =0, 3P =004z, £ = 02527,
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Zép) = 1.252;”), and Zip) = 0.092517). We recreated some of
the empirical features of p(x), for instance the White had the

highest p(x) among the seven racial domains, and owners had
higher p(x) than renters. Similarly, we set [L;g) to the values
in Table 2, u¥ =0 for a € {0,1,3,4} and & = £ for
aef0,...,4}.

The correct enumeration function e(x) was

e(x) = [1 +exp{—b(xs; )+ ¢(“%65)

() (5]

which has three more ¢ (-)-terms than p(x) to allow more fluc-
tuation with respect to age, and ﬂl(e) was specified in a same

way as ﬂl(p). The missing propensities w),(x) and w,.(x) were

(Wp)

established according to wy,(x) = u(xs; 8; ") and w.(x) =

u(xs; ,Bl(wf)), where ﬂl(Wp ) and ﬂ;wé) were similarly specified as

l(p ) with uge), y,éw”), and y,éw") given in Table 3, and the other

means were 0 and all the other covariate matrices were the same
as those of the B ®)s.

In each simulation, we applied the above p(x) and g(x)
on each person in the simulated super-population, which gave
rise to two independently simulated censuses: C by applying
p(x) that mimics the U.S. Census and P that leads to the
P-sample. By comparing the simulated C with the simulated
super-population, the population undercounts for each subpop-
ulation as categorized in Table 1 were obtained. We generated
the E and P samples by carrying out a stratified simple random
sampling over each state according to the census state popu-
lation frequency distribution. Both E and P sample sizes were
1 million which was about 1/3 more than the A.C.E. Applying
e(x) and w.(x) on the E sample created both erroneous enu-
merations and unresolved correct enumerations, and a similar
application of w,(x) led to unresolved matches between the E
and P samples.

For each simulated E and P samples, we estimate the entire
population and subpopulations using the three estimation meth-
ods. The jackknife variance estimation was implemented to es-
timate the variance of the undercount. The bandwidths of the
local post-stratification were selected by the cross-validation
procedure. All the simulation results were obtained based on
2000 simulations.

Table 3. Parameters used in the simulation

Parameter Parameter value

n? (2.2,0.0083, —10.7, 24, 4.3, —2.0, 55, 2.0, 2.0, 60, 2.0)”
rle (2.4,0.0073, —8.7,28,5.3, —1.0, 55, 2.0, 1.0, 60, 2.0)”
) (3.2, -0.0063, —8.0,21,5.3, — 1.0, 55,2.0, 1.0, 60, 2.0)”
e (4.0, —0.0063, —8.0, 23, 3.3, —1.0, 55, 2.0, 0,0, 0)7
v (3.5,-0.0063, —8.0,25,5, 1.0, 55,2.0,0,0,0)"

(Eép))l/Z

diag(0.5,0.005,1.5,2,1,0.1,1,0.1,0.1,1,0.1)
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Table 4. Simulation based Bias, Standard Deviation (SD), and Root Mean Squared Error (RMSE) in the estimation of the true undercount
percentages (U) using the local post-stratification (Local P-S), post-stratification (P-S), and logistic regression (Logistic),
together with the jackknife standard deviation estimation (SD)

Local P-S P-S Logistic
Bias RMSE Bias RMSE Bias RMSE
Domain U SD (SD) SD (SD) SD (SD)
Overall 342 0.002 0.039 -0.016 0.043 —0.006 0.040
0.039 (0.038) 0.040 (0.038) 0.040 (0.038)
Race 1 6.22 0.040 0.354 —0.042 0.355 —0.035 0.345
0.353 (0.352) 0.353 (0.340) 0.343 (0.333)
Race 2 7.38 0.013 0.159 —0.042 0.161 —0.079 0.173
0.157 (0.162) 0.156 (0.161) 0.155 (0.169)
Race 3 3.16 0.030 0.242 0.040 0.242 —0.020 0.241
0.240 (0.262) 0.240 (0.268) 0.240 (0.264)
Race 4 3.51 —0.020 0.055 —0.021 0.056 -0.016 0.054
0.050 (0.050) 0.052 (0.052) 0.051 (0.525)
Race 5 7.66 0.071 0.254 —0.10 0.256 0.213 0.316
0.244 (0.285) 0.237 (0.287) 0.234 (0.284)
Race 6 2.62 0.002 0.125 -0.016 0.128 0.002 0.131
0.125 (0.139) 0.127 (0.140) 0.131 (0.139)
Race 7 0.10 0.011 0.064 0.013 0.064 0.011 0.064
0.063 (0.063) 0.064 (0.062) 0.063 (0.062)
Region 1 3.37 0.002 0.069 —0.034 0.073 —0.011 0.071
0.069 (0.070) 0.065 0.071) 0.070 (0.077)
Region 2 2.84 0.006 0.079 —0.043 0.086 0.011 0.082
0.079 (0.074) 0.074 (0.075) 0.082 (0.084)
Region 3 4.02 —0.010 0.066 0.012 0.068 —-0.014 0.068
0.065 (0.064) 0.067 (0.062) 0.066 (0.065)
Region 4 3.18 0.005 0.083 -0.012 0.075 —0.006 0.084
0.083 (0.082) 0.074 (0.076) 0.083 (0.081)
Tenure 1 191 —0.011 0.048 —0.024 0.054 —0.012 0.050
0.047 (0.047) 0.048 (0.047) 0.049 (0.048)
Tenure 2 3.68 0.008 0.062 0.008 0.065 0.007 0.064
0.061 (0.063) 0.064 (0.064) 0.063 (0.062)
Sex 1 3.46 —0.006 0.053 -0.022 0.052 —0.006 0.053
0.052 (0.052) 0.047 (0.050) 0.053 (0.053)
Sex 2 3.38 0.001 0.056 —0.009 0.056 —0.006 0.056
0.056 (0.054) 0.056 (0.050) 0.056 (0.054)

Table 4 reports the simulated undercount estimates for the
same population aggregates as those shown in Table 1 for the
real census analysis. The true undercounts of the simulation are
reported under the U-column. It is observed that all three ap-
proaches produced comparable undercount estimates. This is
similar to the results seen in Table 1. A closer examination re-
veals that the local post-stratification consistently had smaller
bias than the post-stratification, and outperformed the logistic
regression with smaller root mean squared errors (RMSE). The
quality of the jackknife variance estimation is demonstrated by
comparing the average jackknife standard deviation estimates
(Sb) with the average standard deviation from the simulations
(SD). We see the two quantities agreed with each other at the
various levels of population aggregates. This confirms the jack-
knife variance estimation procedure.

For the three estimation approaches, Figure 7 shows the av-
erage undercount estimates and their average RMSE for each
age cohort. These figures are counterparts of Figure 5 in the
census data analysis. Both figures display substantial differ-

ences among the three estimation methods. The local post-
stratification reflected the pattern of the true undercounts quite
well, whereas the logistic regression captured the overall trend,
especially at the left end, but failed to take into account the
fluctuations around ages 20 and 50. The post-stratification pre-
formed quite poorly in the comparisons. Judging by the RMSE
in Figure 7, the local post-stratification had the most stable per-
formance across all ages.

We also collected information on the estimated undercounts
at the state level, whose details are available in a technical re-
port (Chen, Tang, and Mule 2009). Among the 50 states and
DC, the local post-stratification had the smallest RMSE on 33
of them. In the South region, which had about about 1/3 of the
U.S. population and had the most undercounts among the four
regions, the local post-stratification performed the best in most
of the states. If we define the cumulated root mean squared er-
ror (CRMSE) to be the raw summation of the RMSE of the es-
timated undercounts over the states, then the CRMSE of the lo-
cal post-stratification, post-stratification, and logistic regression
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Figure 7. Simulation comparison of estimated percentage undercount for age by the local post-stratification (dashed line), post-stratification
(circle points), and logistic regression (dotted line) with the true undercounts (solid line). Left panel: comparison of undercount estimates. Right

panel: root mean square error (RMSE) comparison.

were 9.122,9.904, and 10.195, respectively. This shows the ro-
bust and promising performance of the proposed approach.

10. DISCUSSION

In this paper, we propose a local post-stratification approach
for the census dual system estimation based on the nonpara-
metric kernel estimation for the enumeration and correct enu-
meration functions. The local post-stratification can capture
the underlying data characteristics objectively and is free of
model misspecification. Compared with the post-stratification,
it avoids construction of post-strata explicitly and accounts for
the correlation bias in the estimation automatically. An major
advantage of our proposal is the ability to smooth the discrete
variables, an aspect which is relevant to the census. This leads
to more efficient estimation of the enumeration and correct enu-
meration function as compared to single-cell based estimation
(Chen and Tang 2008a, 2008b).

The A.C.E. provides fresh and challenging research issues
for capture-recapture surveys. The erroneous enumerations and
missing values treated in this paper are only some of the new
aspects. The proposed local stratification, although having been
described in close connection to the census, is applicable for
other capture-recapture surveys after some modifications. The
inclusion of extra covariates Z¢ and Z” in the missing propen-
sities for the E and P samples was done to make the MAR as-
sumption more realistic.

The issue of extra covariate S in the correct enumeration
function e(x, s) introduces a new issue regarding how to treat
variables that are only observed in the A.C.E. but not available
for the general census. These variables are related to both the
enumeration and correct enumeration functions. We have as-
sumed that S does not contribute to the enumeration function p.
If S affects both e and p functions, then the population size
estimator (5.6) may not be consistent, even if we define a mar-
ginalized version p(x) like e(x) by integrating out the S variable

by conditioning. We may have to use

' Z e(X;, Sy

i€

. , (10.1)
7p(X;, S;)

where 7; is the known survey weight for i € £. Although this
estimator is consistent, the estimates will show a large sampling
variance as it excludes data collected outside the A.C.E. The es-
timator (10.1) is similar to the N2 estimator in Griffin (2005).
He was also concerned about the variability and proposed a ra-
tio adjustment.

The issue of data-defined persons is critically important for
the dual system estimation. Our estimates for larger population
aggregates, as reported in the first part of the Section §, were
obtained by substituting C with D, the set of data-defined enu-
merations in the estimation of e(x) and p(x). The same replace-
ment was made for the population size estimates in (5.6), (7.2),
and (7.4). As discussed in Brown and Zhao (2008), different
assumptions regarding the heterogeneity of an individual being
data-defined can produce quite different population estimates.
This is confirmed by our state estimates reported in Table 2.
As there is most likely differential heterogeneity between data-
defined and non-data-defined cases, the data-defined rate func-
tion needs to be modeled (Griffin 2005). The Census Bureau
is considering this for the 2010 Census Coverage Measurement
Study.

[Received July 2008. Revised May 2009.]
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