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Abstract

When area-wise sample sizes are small, the direct estimators of area-specific parameters based
only on the samples within each area are unstable. Hence, we need to “borrow strength”
across related areas to produce reliable indirect (model-based) estimators of the area-specific
parameters, which is known as small area estimation (SAE). Typically, regression models
with random effects (mixed models) are used and various mixed methods for SAE have been
developed so far. However, most existing models are not flexible enough to capture complex
characteristics of data, which might lead to inefficient model-based estimators. This thesis
develops several mixed modeling approaches for SAE to overcome the problem.

Chapter 1 briefly explains backgrounds and motivations of the works given in the subse-
quent chapters. Chapter 2 and 3 propose the use of a parametric family of transformations
for response values of observed data. Chapter 4 deals with conditional mean squared errors
for risk evaluation of model-based estimators. Chapter 5 develops a small area model with
heteroscedastic variances expressed as a function of covariates. Chapter 6 proposes a method
for shrinkage estimation of area means as well as sampling variances. Chapter 7 and 8 develop
mixed models with uncertain random effects whose distribution is expressed as a mixture of
one point distribution and a continuous distribution.






Chapter 1

Introduction

Small area estimation (SAE) deals with the problem of producing reliable estimates of area-
specific parameters. Direct estimates based only on the area-specific sample data are not
suitable when the sample size is not large. Hence, we need to “borrow strength” across
related areas to produce reliable indirect (model-based) estimates for small areas. In SAE,
mixed models have been widely used for variety purposes. For comprehensive overviews and
appraisals of models and methods for SAE, see Pfeffermann (2013) and Rao and Molina
(2015).

The mixed models for SAE can be divided into two major parts, area-level models and unit-
level models. In area-level models, the Fay-Heriot (FH) model (Fay and Herriot, 1979) is most
famous and extensively used as the standard tool for SAE of continuous valued parameters.
When observed values are count or binary, generalized linear mixed models (Jiang, 2006) or
models based on natural exponential family with conjugate priors (Ghosh and Maiti, 2004)
are useful alternatives. On the other hand, for unit-level data, the nested error regression
(NER) model (Battese et al, 1988) is widely used. In these models, random effects play an
crucial roles representing the difference between small areas, and the prediction (estimation)
of random effects is a key to SAE. Although these mixed models generally perform well and
are easy to fit, these models may produce inefficient and biased small area estimates when
data does not satisfy assumptions in these models. To overcome this problem, this thesis
proposes alternative mixed modeling approaches for SAE.

Chapter 2 addresses the problem of transforming response values in the FH model. In
many applications, response values take positive values (e.g. income, consumption) and the
distribution is often skewed while the response values in the FH model are assumed to be
normal. This inconsistency could cause a considerable bias in the resulting small area estima-
tor. Hence, we propose the use of a parametric family of transformations and generalize the
results obtained in the FH model. We derive the empirical best predictor of the small area
parameter and a second-order unbiased estimator of the mean squared error of the predictor
based on parametric bootstrap. We assess the approach via simulations and an application
to survey of family income and expenditure (SFIE) in Japan. This chapter comes from the
paper of Sugasawa and Kubokawa (2015) and Sugasawa and Kubokawa (2017b).

Chapter 3 deals with the problem of estimating finite population parameters based on
partially observed units. Concerning this problem, Molina and Rao (2010) suggested an
empirical best prediction approach based on the NER model. Molina and Rao (2010) applied

9



10 CHAPTER 1. INTRODUCTION

their method to estimating area-specific poverty indicators based on unit level income data.
Since the income data is skewed, Molina and Rao (2010) used log-transformation before fitting
the NER model. However, if the log-transformation is misspecified, the predicted values
from the empirical best prediction method are not reliable. Hence, similarly to Chapter
2, we suggest the use of a parametric family of transformations for flexible prediction of a
finite population parameter. We sketch a simple estimating method of the model parameters
including transformation parameters, and derive transformed empirical best predictors. We
compare the proposed method with the method by Molina and Rao (2010) through simulations
and an application to synthetic income data in Spanish provinces. This chapter comes from
the paper of Sugasawa and Kubokawa (2017d).

Chapter 4 discusses a new risk measure for small area estimators, conditional mean squared
errors (CMSE). Traditionally, for measuring the variability of small area estimators, (uncon-
ditional) mean squared errors (MSE) have been used. However, as discussed in Booth and
Hobert (1998), Datta et al. (2011a), CMSE is more preferable than MSE in the context of
small area estimation. Until now, it has been revealed that CMSE and MSE are asymptot-
ically equivalent in small area models based on normal distributions while the difference is
not negligible under non-normality. We investigate CMSE in the models based on natural
exponential family with quadratic variance function developed by Ghosh and Maiti (2004).
We also derive a second-order unbiased estimator of CMSE and show the difference between
CMSE and MSE through applications to stomach cancer data and infant mortality data. The
result in this chapter was published in Sugasawa and Kubokawa (2016).

Chapter 5 deals with a problem regarding heteroscedastic variances in the NER model.
While the NER model assumes that all units are homoscedastic, Jiang and Nguyen (2012)
demonstrated that such a structure is restrictive in practice and may produce inefficient
estimates. To solve this problem, we propose a heteroscedastic NER model in which the
heteroscedastic variances are represented by smooth parametric functions of covariates. We
propose a moment method for estimating model parameters and derive an empirical best linear
unbiased predictor of the small area parameter. We assess the approach via simulations and
an application to posted land price data. This chapter comes from the paper of Sugasawa
and Kubokawa (2017a).

Chapter 6 tackles the problem of estimating sampling variances in the FH model. In
the conventional FH model, the sampling variance of the direct estimator is assumed to be
known while the estimated sampling variances are used in practice. However, it has been
recognized that the model-based estimator could produce poor estimates when the estimated
sampling variances are unstable. We propose a hierarchical model which produces shrinkage
estimators of means as well as variances. We sketch an efficient computational method relying
on Markov Chain Monte Carlo (MCMC) and evaluate the proposed model through simulations
and empirical studies of SFIE data and famous crop data. This chapter comes from the paper
of Sugasawa et al. (2017a).

Chapter 7 proposes the use of the uncertain random effect whose distribution is expressed
as a mixture distribution of normal and a point mass on 0, in the NER model. Datta and
Mandal (2015) showed that the use of uncertain random effects can substantially improve
the estimation accuracy of the model-based estimators. However, their method is restrict to
the Fay-Herriot model. We consider using the ideal of uncertain random effects in the NER
model. We develop a MCMC method based on Gibbs sampling for computing small area
estimators as well as estimates of model parameters. We compare the proposed method with
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the traditional NER model via simulations and an application to posted land price data. This
chapter comes from the paper of Sugasawa and Kubokawa (2017c).

Chapter 8 deals with the uncertainty of random effects in the context of models based on
natural exponential family (Ghosh and Maiti, 2004). We suggest a mixture prior of the conju-
gate prior and a point mass. Due to the conjugacy of the prior, an Expectation-Maximization
(EM) algorithm for estimating model parameters can be easily implemented. Then, we pro-
pose an empirical uncertain Bayes estimator and also provide a second order unbiased esti-
mator of CMSE for risk evaluation. The performances of the proposed method are evaluated
via simulations and applications to historical mortality data and poverty data in Spain. The
content in this chapter comes from Sugasawa et al. (2017b).






Chapter 2

Transforming Responce Values in
Fay-Herriot Model

2.1 Introduction

The basic random effect model for area-level data is the Fay-Herriot (FH) model (Fay and
Herriot, 1979). Let 6; be the small area mean (or total) in the ith area and let y; denotes the
direct estimator of #;. The FH model is defined as

yi:9i+€i, Hi:mﬁﬁ—i—vi, 1=1,....m, (2.1)

where x; and 3 are p-dimensional vectors of covariates and regression coefficients, respectively,
and v; and g; are mutually independent and distributed as v; ~ N (0, A) for unknown variance
parameter A and ¢; ~ N(0,D;) for known sampling variance D;. The known variance D;
is typically obtained by smoothing the sampling variance and then treating the smoothed
estimates as the true D; (Rao and Molina 2015). Under squared error loss, the Bayes estimator
of 6; is obtained as

0; = viyi + (1 — i)z,

where v; = A/(A + D;). It is observed that the Bayes estimator 6; is the weighted linear
combination of the direct estimator y; and the synthetic estimator x!3. Since the model
parameters 3 and A are unknown, we estimate them from the data {(y;,x;), i = 1,...,m}.
The generalized least squares estimator is typically used for 8 while several methods, including
the (restricted) maximum likelihood estimator, are used for estimating A.

In the Fay-Herriot (FH) model (2.1), it is assumed that y; ~ N(z!8, A+ D;), namely the
response variable (direct estimator) y; is normally distributed. However, we often encounter
positive-valued data (e.g. income, expense), which have skewed distributions and non-linear
relationships with covariates. For such a data set, the traditional FH model with a linear
structure between direct estimates and covariates and normally distributed error terms is
not clearly appropriate. A common approach is using the log-transformed direct estimators
and apply the FH model (e.g. Slud and Maiti, 2006). However, the log-transformation
is not always appropriate and it may produce inefficient and biased prediction when the
log-transformation is misspecified. Thus, a more natural approach to tackle this issue is
using a parametric family of transformations which enables us to flexibly select a reasonable

13



14 CHAPTER 2. TRANSFORMING RESPONCE VALUES IN FAY-HERRIOT MODEL

transformation based on data. A famous family is the Box-Cox transformation (Box and
Cox, 1964), but it is well-known that the Box-Cox transformation suffers from the truncation
problem, which leads to inconsistency of the maximum likelihood estimator of A, and the
inverse transformation can not be defined on whole real line, so that we can not drive a back-
transformed predictors in the original scale. Thus the use of the Box-Cox transformation in the
context of small area estimation is not desirable. Instead of the Box-Cox transformation, Yang
(2006) suggested a novel family of transformations called the dual power (DP) transformation

—1 x}\ - SU_)‘
iy = {2 2

which can be seen as the average of two Box-Cox transformations. The main advantage of
the DPT is that its range is the whole real line for all A > 0, and it does not suffer from
the truncation problem. Hence, the use of the DP transformation in the FH model seems
an attractive approach for estimating positive valued small area parameters. This chapter
introduces a new transformation approach to the FH model with the DP transformation. In
Section 2.2, we describe the proposed model and provide methods for parameter estimation
and computing small are estimators. A second-order unbiased estimator of mean square errors
(MSE) of small area estimators are derived for measuring the variability of small area estima-
tors. In Sections 2.3 and 2.4, we present some simulation studies and empirical applications,
respectively. The technical details are given in Section 2.5.

2.2 Transformed Fay-Herriot Model

2.2.1 Model setup and best predictor

We consider the following parametric transformed Fay-Herriot (PTFH) model for area-level
data:

hA(yi):xf,B—i-vi—i—si, 1=1,...,m (2.2)

where v; ~ N(0,A), i ~ N(0,D;) for known D;’s, 3 and x; are p-dimensional vectors
of regression coefficients and covariates, respectively. The unknown models parameters are
denoted by ¢ = (8", A, \)! and we aim to estimate (predict) p; = h;l(ﬁi) with 0; = z!8 + v;.
Note that when A = 0, the model (2.2) reduces to the log-transformed Fay-Herriot model
studied by Slud and Maiti (2006).

It is well known that the best predictor of 8; under the squared error loss is given by

0; = viha(yi) + (1 — )8, (2.3)

where v; = A/(A + D;). Hence, one possible way to predict p; is using the simple back-
() ()

transformed predictor /i, ., is not suitable for predicting p;, because
(%)

[ZES) has a non-ignorable bias for predicting p;, namely E[f;” — ;] # 0 even when m is large.
On the other hand, Slud and Maiti (2006) considered the bias corrected predictor of F(6;) for
a general function F'(-), which leads to the following form:

= h;l(@) However, [

=
z
o
IS
L
2]

o _ Bl O], ol
' E[hy 1 (6;)] B[]
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It clearly holds that E[N(SM) — ;] = 0, that is, ﬁSSM) is an unbiased predictor of u; while it

does not necessarily minimize the squared error loss. We here use the conditional expectation
;= E[h;l(ﬁz)\yl] with known ¢ as a predictor of u;, which minimizes the squared error loss.
Since 0;|y; ~ N(@-,J?) with 6; given in (3.5) and 02 = AD;/(A + D;) under the model (2.2),
the conditional expectation p; can be expressed as

o0

mzm%mz/ By L8t B, 0?)dt, (2.4)

—0o0

~(SM)

where ¢(-;a,b) denotes the density function of N(a,b). It should be noted that u; = &,
when A = 0, namely h;l(m) = exp(z). However, ; and ME M)
when A > 0.

Since the model parameters ¢ is unknown in practice, we estimate them by maximizing
the marginal likelihood function, and the details are given in the next section. Let (,Ab be the
corresponding estimator of ¢. Then, replacing ¢ with 3) in (2.4) leads to the empirical form

of ﬁz

are not necessarily identical

e}
O
—0oQ

which is known as empirical best predictor (EBP). Note that ji; is no longer the conditional
expectation but fi; converges to ji; as m — oo under some regularity conditions. Since [i;
cannot be obtained in an analytical form, we rely on numerical techniques for computing ;.
A typical method is the Monte Carlo integration by generating a large numbers of random
samples from (0,, 52). However, we here use Gaussian-Hermite quadrature which is known to
be more accurate than the Monte Carlo integration.

2.2.2  Estimation of model parameters

Under normality assumption of v; and ¢;, it follows that hy(y;) ~ N(z!8,A + D;) and
fAL)\(yi), t = 1,...,m are mutually independent. Then, the maximum likelihood estimator
¢ of ¢ is defined as the maximizer of L(¢), where

Zlog (A+ D;) Z{h/\A+5ﬁ} +2Zlog< Al +y; )‘*1). (2.5)

Note that the third term in (2.5) comes from the Jacobian of the transformation. When A is
given, maximizing (2.5) with respect to 3 and A coincides to maximizing the log-likelihood
function of the classical Fay-Herriot model. Hence, the value of profile likelihood function
of A is easily computed, so that we may estimate A by grid search over a specified region or
golden section method (Brent, 1973). Though the parameter space of \ is [0, 00), it would be
sufficient to consider the space [0, A, for moderately large A,

For asymptotic properties of the estimator (7), we assume the following conditions.

Assumption 2.1.
1. There exist D and D independent to m such that D < D; < D fori=1,....m

2. max;—1,__m asf(z;n:l :L'j:c;)_lcci =0(m™1).
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These conditions are usually assumed in the context of small area estimation, see Datta
and Lahiri (2000) and Butar and Lahiri (2003). Under these conditions, we have the following
lemma.

Lemma 2.1. Under Assumption 2.1, as m — oo, \/m(c/;l\) — @) asymptotically follows the
multivariate normal distribution N(0,V (¢)) with a covariance matriz V (¢), and it holds

E[¢ — ¢] = m~b(¢) + o(m™) with a smooth function b(¢).

The asymptotic normality of Ei\b immediately follows from Sugasawa and Kubokawa (2015).
Moreover, from the proof of Theorem 1 in Lohr and Rao (2009), the bias b(¢) can be expressed
by partial derivatives of L(¢) given in (2.5), so that the latter statement in Lemma 8.1 follows.

Other estimators of A are the restricted maximum likelihood estimator (Jiang, 1996), the
Prasad-Rao estimator (Prasad and Rao, 1990), the Fay-Herriot estimator (Fay and Herriot,
1979) and the adjusted maximum likelihood estimator (Li and Lahiri, 2010). These methods
can be easily implemented and their asymptotic properties are discussed in Sugasawa and
Kubokawa (2015). However, for simplicity, we do not treat these estimators in this paper.

2.2.8 Mean squared error of the empirical best predictor

In small area estimation, mean squared errors (MSEs) of small area estimators are used for
risk evaluation, and their importance has been addressed in many papers including Lahiri and
Rao (1995) and Datta et al. (2005). Following this convention, we evaluate the MSE of the
empirical best predictor j1;. To begin with, we note that the MSE can be decomposed as

MSE; = E[(1i; — 1:)*] = E[(fi — 11:)*] + E[(is — fis)?]
= g1i(@) + 92i(9),

because ; = E[u;|y;] is the conditional expectation. In what follows, we use the explicit
notation 11;(y;, @) instead of fi; if necessary. The first term ¢1,(¢) is expressed as

q1i(¢) =E [{ﬁz‘(ﬂlﬁﬁ +v; + e, 0) — by Nzl + Ui)}ﬂ ,

which has no analytical expression. The direct Monte Carlo integration by generating ran-
dom samples of v; and ¢; requires a large computational burden because we need another
Monte Carlo integration for computing f; for each sample (v;,e;). However, as shown in the
Appendix, it turns out to have the following more simple expression of g1;(¢):

gh’((ﬁ) =E [{h;l(.’lfiﬁ + Zl)}2 — h;l(a:fﬁ +c1i21 + CQiZQ)h)_\l(wgﬁ + C1521 — CQZ‘ZQ)] R (2.6)

where 21,29 ~ N(0,A), c1i = /(14 a;)/2, and co; = /(1 —a;)/2 for a; = A/(A + D;).
Hence, ¢1;(¢) can be easily calculated by generating a large number of random samples of z;
and z9. On the other hand, the second term g9;(¢) can be evaluated as the following lemma,

where the proof is given in the Appendix.

Lemma 2.2. Under Assumption 2.1, it holds

(@) = i (V@R [T s o)
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Since the MSE depends on unknown parameter ¢, we need to estimate it for practical
use. To this end, we obtain a second-order unbiased estimator of the MSE. Here, an estimator
B is called second order unbiased if E[B] = B + o(m™!). From lemma 2.2, it follows that
92i(@) = m~e1(@) 4+ o(m™") with the smooth function c¢1(¢), thereby the plug-in estimator
92i(@) is second-order unbiased. However, the plug-in estimator g1;(¢) has a second-order bias
since g1;(¢) = O(1), so that we need to correct the bias. Hence, we propose the parametric

bootstrap method to correct the bias of g1;(¢) and computing go;(¢p). The procedure is given
in the following.

Parametric bootstrap method for the MSE estimation

1. Generate bootstrap samples y; from the estimated model;
hx(y;‘):azfa—l—v;‘—l—ef, i=1,...,m, (2.7)
where € and v} are generated from N (0, D;) and N (0, A), respectively

2. Based on (y;,x;), i =1,...,m, compute the maximum likelihood estimate E,‘Z\)* and the

~ ~%

predicted values of 11; = f1;(yi, ¢) and 1] = ;(yi, @ ).

3. Derive the bootstrap estimates of g1; and go9; via
9 (8) = 201(@) — B [91(@)] . 93:(@) = B (7 — 70|

where 11} = hil(wﬁﬁ + v}) and E*[] denotes the expectation with respect to the boot-
strap samples generated from (2.7). The second-order unbiased estimator of the MSE
based on the parametric bootstrap is given by

MSE; = g25 () + g5:().- (2.8)

The resulting MSE estimator (2.8) is second-order unbiased as shown in the following theorem,
which is proved in the Appendix.

Theorem 2.1. Let RTSE be the parametric bootstrap MSE estimator given in (2.8). Then,
under Assumption 2.1, we have

E [hTSE} = MSE; + o(m™1),
where the expectation is taken with respect to y;’s following the model (2.2).

In (2.8), the bias correction of gli(;j\)) is carried out via using the additive form g%f((?)) =
2912-(3)) — E*[gli(;b*)], where E* denotes the expectation with respect to bootstrap samples.
Hall and Maiti (2006a) suggested other bias-correcting methods including a multiplicative bias
correcting method of the form gli(ab)Q J/E* [gh((?)*)] The multiplicative form for bias correction
can avoid negative estimates of the MSE while the additive form for bias correction gives
negative estimates of the MSE with a positive probability. Although those bias corrections
give second-order unbiased estimates of g1;(¢), in this paper, we use the additive-type bias

correction, because it has been frequently used in the literatures (e.g. Butar and Lahiri, 2003).
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2.3 Simulation Studies

2.3.1 FEwvaluation of prediction errors

We evaluated prediction errors of the proposed PTFH model and some existing models. As
a data generating process, we considered the following PTFH model:

h,\(yz) :ﬁo—kﬁwi—#—m-i-ei, 1= 1,...,30, (29)

where v; ~ N(0,A), i ~ N(0,D;) with By = 1,51 = 1 and A = 1.5. For A, we treated
the four cases A = 0.1,0.4,0.7 and 1.0. The covariates x; were initially generated from the
uniform distribution on (0,4) and fixed in simulation runs. Concerning sampling variance D;,
we divided 30 areas into 5 groups (from G; to G5), and areas within the same group have the
same D; value. The D;-pattern we considered was (0.2,0.4,0.6,0.8,1.0). The true small area
parameters are p; = h;l(ﬁo + Bz + v;).

For comparison, we considered the log-transformed FH (log-FH) model and the traditional
Fay-Herriot (FH) model, which are described as

log-FH: logy; = By + Bixi +v; +&;
FH:  y; = Bo + Brx; +vi + &

It is noted that the data generating process (2.9) get close to log-FH as A gets smaller.
Since we do not known the true D; in practice, we computed the estimates of p; with esti-
mated D; as investigated in Bell (2008). To this end, we generated the auxiliary observation
zik from the model:
h)\(zik)zfik, iZl,...,SO, k= 1,...,10, (2.10)

where g;; ~ N(0,D;). In applying log-FH and FH, we computed the estimates of D; as the
sampling variances of {logz;1,...,logz;10} and {z,..., 210}, respectively. Then we com-
puted the estimates of y; using EBLUP in FH and the bias-corrected estimator used in Slud
and Maiti (2006) in log-FH, where the model parameters 3y, 81 and A are estimated via the
maximum likelihood method. For fitting PTFH, we first define

10 10

N2 .
D; = D;i(\) = g Z {h)\(zik;) - hA(Z)i} ;o ha(2); = % th(zz‘k),
k=1 k=1

so that we regard D; as a function of A and replace D; with D;(\) in (2.5). Since D;(\) can be

immediately computed under the given A, we can maximize the profile likelihood function of

A in the similar manner to that presented in Section 2.2.2. Once the estimate \is computed,
D; can be calculated as D; (X)

Based on R = 10000 simulation runs, we computed the coefficient of variation (CV) and

the absolute relative bias (ARB), defined as

R /~(r) (r)\2 R ~(r) (r)
_ 12:(“1' —Hy ) _ 12:%‘ — My
CVz = E 2 T and ARBz = E 2 T

9

where ,u(-r) is the true value and (" is the estimated value from PTFH, log-FH or FH, in the

1

rth iteration. Table 8.1 shows the percent CV and ARB averaged within the same groups
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for each case of A. For comparison, we also show the results for PTFH with true D; values,
denoted by PTFH-t in Table 8.1.

From Table 8.1, we can observe that difference CV or ARB between PTFH-t and PTFH
tends to be large when A is small and D; is large while tow methods perform similarly when
A is large or D; is small. Moreover, it is revealed that the larger D; would lead to larger CV
and ARB values in all the methods. Concerning comparison among PTFH, log-FH and FH,
it can be seen that PTFH performs better than FH except for A = 0.9, and PTFH performs
better than log-FH except for A = 0.1. Moreover, the differences between PTFH and log-FH
in A = 0.1 get larger as D; gets larger. Regarding PTFH-t, it performs best in most cases.
However, it is observed that log-FH and FH produce more accurate estimates than PTFH-t
in some cases.

We next investigated the prediction errors when the true distribution of v; is not normal.
Here, we considered a t-distribution with 5 degrees of freedom for v;, where the variance is
scaled to A, and the other settings for the data generation are the same as (2.9). Under the
scenario, we again computed the values of CV and ARB of the four methods based on 10000
simulation runs, and the results are reported in Table 2.2. It is observed that the simulated
RMSE values in Table 2.2 are larger than those in Table 8.1 due to misspecification of the
distribution of v;. However, relationships of CV and ARB among three methods are similar
to Table 8.1.

2.8.2  Finite sample performance of the MSE estimator

We next investigated a finite sample performance of the MSE estimator (2.8). Following Datta
et al. (2005), we considered the following data generating process without covariates:

ha(yi) = p+vi+ei,  i=1,...,30,

with p =0, v; ~ N(0,A) with A =1 and ¢; ~ N(0, D;). As a value of A\, we considered the
three cases A = 0.2,0.6,1.0. For setting of D;, we divided D;’s into five groups G1,..., G5,
where D;’s were the same values over the same group, and the following three patterns of D;’s
were considered:

(a) 0.3,0.4,0.5,0.6,0.7, (b) 0.2,0.4,0.5,0.6,2.0, (c) 0.1,0.4,0.5,0.6,4.0.

Based on R; = 5000 simulation runs, we calculated the simulated values of the MSE as
1 &
MSE, = L S0 P, a5 0ol
r=1

where ,L/ZZ(-T) and vi(r) are the predicted value and the realized value of v; in the r-th iteration.

Then based on Ry = 2000 simulation runs, we calculated the relative bias (RB) and the
coefficient of variation (CV) defined as

Ro

1 ()
RB; = — E MSE; = — MSE; | /MSE;,
R2 r=1 ( ) /
2 1 & e (™) ? 2
':—g MSE; = — MSE; MSE;.
CV; Ry ( S S > /MSE;
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Table 2.1: Simulated percent coefficient of variation (CV) and absolute relative biases (ARB)
of the parametric transformed Fay-Herriot with use of true D; (PTFH-t) and estimated D;
(PTFH), the log-transformed Fay-Herriot (log-FH) model, and the Fay-Herriot (FH) model
under A = 0.1,0.4,0.7 and 1.0.

CV ARB

method 0.1 0.4 0.7 1.0 01 04 07 1.0

G, PTFH-t 46.49 33.28 23.49 17.95 13.67 6.89 3.69 243
PTFH 4746 3290 23.12 17.53 13.97 6.89 3.51 221
log-FH 47.11 35.34 28.63 23.57 13.16 4.18 3.85 2.39
FH 50.24 3294 22.84 1687 9.74 3.82 1.78 1.13

Go PTFH-t 63.92 47.64 37.09 31.61 20.20 11.85 8.13 6.69
PTFH 66.32 47.84 36.92 31.38 21.28 12.24 8.31 6.74
log-FH 66.79 53.25 46.70 41.76 22.25 15.14 13.96 13.86

FH 82.25 52.67 38.61 31.11 19.95 9.16 6.27 5.98

Gs PTFH-t 75.92 59.42 48.51 40.60 25.67 16.79 12.85 9.59
PTFH 79.86 60.35 48.22 40.35 27.67 17.74 13.15 9.67
log-FH 77.70 60.99 53.25 47.15 26.56 15.97 13.04 11.30

FH 116.09 74.04 53.70 40.88 30.55 17.10 11.77 9.25

G, PTFH-t 86.92 67.82 53.66 44.73 32.29 20.84 14.11 10.82
PTFH 9297 69.13 53.38 43.83 35.12 22.13 14.43 10.63
log-FH 86.81 65.36 53.46 46.36 30.88 14.42 8.29 8.94

FH 156.12 91.68 61.04 45.61 45.29 25.10 15.15 11.25

Gs PTFH-t 92.90 72.74 59.86 49.86 33.87 22.99 17.30 13.04
PTFH 101.81 75.26 60.39 49.54 37.62 24.73 18.07 13.24
log-FH 9591 71.73 61.69 53.58 34.91 20.57 15.30 12.87
FH  198.30 112.23 73.57 53.02 57.58 31.04 19.05 13.93

For calculation of the MSE estimates in each iteration, we used 100 bootstrap replication for
the MSE estimator and 10000 Monte Carlo samples for computing gi;. We also investigated
the performance of the MSE estimator when we used the estimated sampling variances instead
of known D;. To this end, similarly to the previous section, we generated the auxiliary
observation from (2.10), and calculate D;’s using these data in each simulation run. Based
on the same number of simulation runs, we computed the values of RB and CV. Table 2.3
and Table 2.4 show the maximum, mean and minimum values of RB and CV within the
same group. In both tables, the simulated values of RB and CV of the MSE estimator with
estimated D; are given in the parenthesis. It is seen that the proposed MSE estimator with
known D; provides reasonable estimated values in almost all cases in terms of both RB and
CV. On the other hand, the MSE estimator with estimated D; performs worse than the MSE
estimator with known D; since the former estimator is affected by the variability of estimating
D;. Moreover, it is observed that performances of both MSE estimators get better in the order
of Pattern (a), (b) and (c).
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Table 2.2: Simulated percentage coefficient of variation (CV) and percentage absolute relative
biases (ARB) of the parametric transformed Fay-Herriot with use of true D; (PTFH-t) and
estimated D; (PTFH), the log-transformed Fay-Herriot (log-FH) model, and the Fay-Herriot
(FH) model under A = 0.1,0.4,0.7 and 1.0, when the distribution of v; is a t-distribution with
5 degrees of freedom.

CvV ARB

method 0.1 0.4 0.7 1.0 0.1 04 07 1.0

G, PTFH-t 47.19 39.58 34.16 28.94 14.10 9.77 7.31 543
PTFH 4842 39.84 34.40 28.34 14.70 10.07 7.38 5.18
log-FH 48.09 41.08 39.98 35.31 14.00 8.14 4.95 5.65
FH 51.54 41.09 33.00 27.84 10.26 6.92 5.18 4.28

G, PTFH-t 66.06 53.12 41.12 35.83 21.41 14.08 8.99 6.92
PTFH 68.38 53.52 40.86 35.18 22.59 14.78 9.10 6.80
log-FH 67.79 56.17 46.04 43.20 21.84 13.32 7.32 6.73
FH 83.45 58.51 41.73 34.32 21.03 12.63 7.67 6.18

Gs PTFH-t 79.92 62.21 49.91 42.61 25.50 16.81 10.91 8.69
PTFH 83.75 62.26 47.41 41.62 27.39 17.60 11.05 8.66
log-FH 83.53 65.45 55.47 52.08 27.40 18.20 12.93 13.22
FH 12191 73.92 50.11 41.05 31.49 17.11 10.35 8.25

G4 PTFH-t 89.82 78.86 61.81 53.21 30.06 21.02 15.63 12.03
PTFH 98.67 75.36 59.27 51.18 32.81 22.26 15.83 12.01
log-FH 99.13 81.96 62.46 57.54 31.16 19.98 13.48 11.01

FH  155.72 108.51 65.22 52.10 44.14 25.07 15.96 12.80

Gs PTFH-t 104.87 86.53 77.05 71.23 34.72 26.73 22.00 17.04
PTFH 123.97 86.69 74.22 64.63 38.87 28.84 22.83 17.06
log-FH 120.17 87.54 75.41 67.96 34.96 22.70 15.61 11.36

FH 224.09 128.60 87.85 69.25 61.85 40.85 29.11 21.47

2.4 Application to Survey Data in Japan

We consider an application of the proposed method together with some existing methods to
the data from the Survey of Family Income and Expenditure (SFIE) in Japan. Especially,
we used the data on the spending item ‘Health’ and ‘Education’ in the survey in 2014. For
the spending item ‘Health’ and ‘Education’, the annual average spending data at each capital
city of 47 prefectures are available. The estimates are both unreliable since the sample sizes
are around 50 for most prefectures. As a covariate, we used data from the National Survey
of Family Income and Expenditure (NSFIE) for 47 prefectures. Since NSFIE is based on
much larger sample than SFIE, the reported values are more reliable, but this survey has
been implemented every five years. Although the joint bivariate modeling of the two items
‘Health’ and ‘Education” would be preferable as proposed in Benavent and Morales (2016),
we here consider applying univariate models separately to each item for simplicity. In what
follows, y; and x; denote the direct estimate (scaled by 1000) from SFIE and the covariate
(reliable estimate) from NSFIE, respectively, on the item ‘Health’ or ‘Education’. For each
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Table 2.3: The percentage RB values of the MSE estimator with known D; and unknown D;
(Parenthesis) in each group.

Pattern (a) Pattern (b) Pattern (c)

A 0.2 0.6 1.0 0.2 0.6 1.0 0.2 0.6 1.0

max G 6.3 17.9 19.5 3.9 7.3 9.0 7.2 1.3 2.7
(28.1) (44.3) (51.4) (98.4) (80.8) (82.6) (113.5) (47.1) (44.1)

Go 4.9 15.1 17.2 4.4 4.4 5.3 4.1 —3.6 —4.9
(44.6) (69.2) (78.8) (46.4) (107.2) (99.8) (37.3) (29.8) (20.8)

Gs 125 10.4 14.6 —-2.8 3.3 4.6 —-34 —4.1 -5.0
(32.9) (40.8) (47.0) (24.2) (12.5) (10.6) (11.3) (37.5) (29.7)

Gy 6.4 12.6 176  —2.6 6.7 8.9 -5.0 —4.5 —4.8
(33.8) (28.3) (40.2) (12.1) (8.8) (8.0) (16.1) (84.4) (75.7)

G5 8.7 12.4 16.3 —1.5 2.8 6.1 -5.3 —4.2 —1.6
(15.9) (39.1) (52.1) (6.2) (43.9) (43.6) (4.6) (26.0) (19.5)

mean Gy 2.5 7.4 8.6 —-1.9 14 2.6 2.7 -3.3 -3.1
(22.4) (31.4) (36.9) (33.5) (32.3) (33.9) (47.6) (27.7) (27.0)

G, -1.0 7.8 9.8 -34 -20 -20 —-6.0 -5.9 7.3

(21.9) (33.4) (39.9) (15.5) (21.5) (18.8) (20.2) (4.8) (—0.6)
Gs 52 19 52 —63 -17 -04 —61 -84 —9.1
(17.7) (21.1) (28.7) (11.2) (3.6) (24) (—0.1) (10.4) (4.6)

Gy 33 64 99 80 -04 15 —74 75 79
(20.4) (17.7) (26.9) (2.2) (-2.8) (-2.2) (=5.3) (15.6) (10.9)

Gs 14 57 99 —60 —02 24 —70 —68 —64
(11.1) (22.1) (32.8) (=3.0) (6.4) (7.2) (—6.8) (—1.2) (—4.4)

min G; -49 -32 —24 —69 —52 —45 -85 69 —6.6

(17.2) (15.0) (20.2) (13.7) (16.1) (17.3) (21.5) (17.1) (17.0)
G, —-58 —09 28 75 -70 —75 —96 —78 —99
(11.5) (14.2) (18.6) (2.7) (-27) (=4.7) (81) (=52) (—8.8)
Gy 09 —82 —67 -87 —66 —65 -—103 —104 —11.3
(7.0) (13.2) (19.4) (=5.0) (—4.4) (—=4.7) (=7.3) (=9.4) (—13.2)
Gy -19 -30 -02 -119 -58 -39 -91 —11.2 —11.9
(10.0) (6.9) (14.1) (=7.0) (=11.6) (—=9.5) (—12.6) (—16.1) (—18.2)
Gs —-34 —64 —24 -79 -54 —28 -85 —93 —98
(6.4) (—0.6) (8.8) (=7.3) (=10.4) (=9.7) (=16.1) (—18.4) (—20.0)

survey data, we applied the PTFH model:
hA(yi):B0+Bllogxi+vi—|—ei, 1=1,...,47,

where v; ~ N(0, A), g; ~ N(0, D;) and S, 81, A and A are model parameters. For comparison,
we also applied the log-FH model corresponding A = 0 in the above model, and the classical
Fay-Herriot model. The model parameters were estimated by the maximum likelihood method
in all models. For computing D; in each model, we used the past data for consecutive eight
years from 2006 to 2013, which are denoted by z; for t = 1,...,8. In the FH and log-FH
models, we simply calculated the sampling variance of {z;1,..., z;s} and {log z;1, ..., log zis},
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Table 2.4: The CV values of the MSE estimator with known D; and unknown D; (Parenthesis)

in each group.

A 0.2

Pattern (a)

0.6

1.0

Pattern (b)

0.2

0.6 1.0

Pattern (c)

0.2

0.6

1.0

max (G4 1.15
(2.72)

Gy 117

(2.25)

Gy 225

(1.34)

Gy 1.02

(1.44)

Gs 0.72

(1.10)

1.03
(1.65)
1.33
(2.50)
0.98
(1.80)
1.26
(1.40)
1.01
(1.59)

1.14
(1.96)
1.50
(3.42)
1.16
(2.16)
1.54
(2.08)
1.23
(2.21)

0.78
(2.13)
0.55
(1.20)
0.59
(0.88)
0.46
(0.70)
0.67
(0.91)

0.60 0.66
(1.78) (1.89)
0.73 0.71
(2.44) (2.49)
0.87 1.00
(1.02) (L.1)
084 0.98
(0.94) (1.06)
0.73 0.88
(1.60) (1.87)

0.77
(2.01)
0.54
(0.91)
0.52
(0.68)
0.51
(0.66)
0.47
(0.56)

0.62
(1.19)
0.50
(0.84)
0.46
(0.98)
0.50
(1.72)
0.66
(0.90)

0.67
(1.29)
0.54
(0.82)
0.53
(0.97)
0.57
(1.70)
0.77
(0.91)

mean G;  0.99
(1.05)

Gs 0.78

(1.23)

Gs 1.02

(1.08)

Gy 0.75

(1.10)

Gs 071

(0.99)

0.74
(1.33)
0.91
(1.46)
0.86
(1.27)
0.93
(1.24)
0.92
(1.36)

0.82
(1.57)
1.06
(1.83)
1.03
(1.60)
1.13
(1.65)
1.12
(1.83)

0.51
(1.07)
0.46
(0.80)
0.46
(0.76)
0.43
(0.64)
0.52
(0.70)

0.50 0.55
(1.07) (1.15)
0.56 0.63
(1.05) (1.11)
0.61 0.71
(0.81) (0.88)
0.66 0.78
(0.80) (0.89)
0.66 0.77
(0.94) (1.05)

0.45
(1.10)
0.40
(0.73)
0.42
(0.60)
0.41
(0.56)
0.41
(0.53)

0.41
(0.86)
0.42
(0.66)
0.41
(0.70)
0.44
(0.85)
0.49
(0.69)

0.43
(0.90)
0.47
(0.68)
0.45
(0.72)
0.50
(0.87)
0.56
(0.72)

min Gy 0.61
(0.95)

Go  0.57

(0.89)

Gsz 0.63

(0.95)

G4 0.66

(0.97)

Gs 0.68

(0.92)

0.58
(0.93)
0.73
(1.10)
0.79
(1.11)
0.81
(1.07)
0.80
(1.06)

0.65
(1.12)
0.86
(1.28)
0.88
(1.35)
0.99
(1.33)
1.00
(1.40)

0.37
(0.69)
0.39
(0.64)
0.40
(0.61)
0.41
(0.61)
0.43
(0.59)

041 0.45
(0.86) (0.91)
049 0.56
(0.75) (0.80)
052 0.60
(0.72) (0.80)
0.59 0.69
(0.69) (0.76)
0.58 0.69
(0.74) (0.83)

0.35
(0.71)
0.34
(0.57)
0.37
(0.54)
0.37
(0.49)
0.38
(0.50)

0.35
(0.73)
0.39
(0.58)
0.39
(0.55)
0.42
(0.55)
0.42
(0.55)

0.36
(0.76)
0.41
(0.59)
0.43
(0.58)
0.45
(0.59)
0.47
(0.59)

respectively. In the PTFH model, similarly to Section 5.4.1, we first maximize (2.5) with

~

In the PTFH model, we have X = 0.59 in “Education” and A = 0.86 in “Health”. More-
over, based on based on 1000 parametric bootstrap samples, we obtained 95% confidence
intervals of A, (0.20,1.16) in “Education” and (0.18,1.99) in “Health”, which indicate the log-
transformation might not be appropriate. In Figure 2.1, we present the estimated regression
lines of the three models, noting that y = h§1(50 + 31:1:) in PTFH, and y = exp(go + 311:) in
log-FH. From the figure, it is observed that all the regression lines are similar. For assessing
the suitability of normality assumptions of error terms, we computed the standardized resid-
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uals: e; = r;/V/ A + D;, where r; is the estimates of v; + &;, so that r; = h~ 5 (i) — 30 — Bla:i

in PTFH, r; = logy; — 50 — ﬁlxz in log-FH and r; = y; — ﬁg — ,6’1:51 in FH, noting that e;
asymptotically follows the standard normal distribution if the model specification is correct.
In Figure 2.2, we give the estimated density of e; in each model, which does not strongly
supports the normality assumption of three models, but all the estimated densities are close
to symmetric. Hence, the normality assumption might be plausible. In fact, we calculated
the p-value of the Kolmogorov-Smirnov test for normality of e;, presented in Table 2.5, and
found that the normality assumption was not rejected in the three models in both items.
Moreover, in Table 2.5, we provide AICs based on the maximum marginal likelihood for the
three models. It can be seen that AICs of PTFH and log-FH are similar and smaller that
that of FH in “Education” while that of PTFH is the smallest in “Health”.

For investigation of goodness-of-fit of the PTFH model, we set 2; = h5(y:) and w; = log z;,
and applied the penalized spline model used in Opsomer et al. (2008):

/Mme +Zw Dtvite, i=1...,m, (2.11)

where v; ~ (0,4), & ~ N(0,D;) and (y1,...,7x)" ~ N(0,alk), ()5 denotes the function
2PI(x > 0), and k1 < -+ < ki is a set of fixed knots which determine the flexibility of
splines. We set K = 20 and took k1 and ki as 10% and 90% quantiles of w;, respectively,
and set Ko, ...,KKx_1 at regular interval. For the degree of splines, we considered three cases:
p = 1,2,3. We estimated model parameters Jy, ..., [y, A and a by the maximum likelihood
method. In Figure 2.3, we present the estimated regression lines of three penalized spline
models (p = 1,2, 3) as well as that of PTFH, which shows that the linear parametric structure
in the PTFH model seems plausible and PTFH would fit well in both items.

Finally, we computed the MSE estimates of the small area estimators for the three models.
In the PTFH model, we used the estimator given in Theorem 2.1 with 1000 bootstrap samples
and 5000 Monte Carlo samples of v; and ¢; for numerical evaluation of gi;. For the MSE
estimates in the log-FH and FH models, we used the estimator given in Slud and Maiti (2006)
and Datta and Lahiri (2000), respectively. We report the small area estimates and MSE
estimates in seven prefectures around Tokyo in Table 2.6. It can be seen that log-FH and FH
produce relatively similar estimates of area means while the estimates from PTFH are not
similar to those models. Regarding MSE estimates, we can observe that the values in PTFH
are smaller than the other two models, but we cannot directly compare these results since
each MSE estimates are calculated based on the different sampling variances D;.

Table 2.5: AIC and p-value of Kolmogorov-Smirnov (KS) test for normality of standardized
residuals.

AlC p-value of KS test

Data PTFH log-FH FH PTFH log-FH FH
Education 313.1 3129 314.5 0.577 0.469 0.848
Health 172.9 180.7 183.4 0.519 0.440 0.375
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Figure 2.1: The scatter plots of (x;,y;) with estimated regression lines in the parametric
transformed Fay-Herriot (PTFH) model, the log-transformed Fay-Herriot (log-FH) model
and the classical Fay-Herriot (FH) model.
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Figure 2.2: The estimated density of standardized residuals in the parametric transformed
Fay-Herriot (PTFH) model, the log-transformed Fay-Herriot (log-FH) model and the classical
Fay-Herriot (FH) model.
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Education Health
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Figure 2.3: The scatter plots of (logz;, h;(y;)) with estimated regression lines in the para-
metric transformed Fay-Herriot (PTFH) model and the nonparametric (NP) model based on
the penalized spline with three orders (p = 1,2, 3).

Table 2.6: The small area estimates and the root of MSE (RMSE) estimates in seven pre-
fectures around Tokyo from four models, the parametric transformed Fay-Herriot (PTFH)
model, the log-transformed Fay-Herriot (log-FH) model and the classical Fay-Herriot (FH)
model.

Estimates RMSE
Data Prefecture DE PTFH log-FH FH PTFH log-FH FH
Ibaraki 21.97 21.80 21.54 21.44 1.12 1.99 1.95
Tochigi 21.88 21.63 21.21 21.30 1.65 241 2.10
Gunma 14.12 14.76 15.49 15.17 2.74  3.68 2.93
Education Saitama  32.61 27.41  23.81 22.78 449 468 4.83
Chiba 21.55 20.92  20.19 20.08 3.31 3.90 3.87
Tokyo 22.04 21.84 21.55 21.06 1.73 216 3.12
Kanagawa 22.32 21.87 21.32 20.86 2.37 293 3.34
Ibaraki 10.35 10.37  10.67 10.70 0.25 0.83 0.85
Tochigi 11.76 11.71  11.34 11.33 0.61 1.08 1.08
Gunma 8.74 8.88 10.00 10.12 0.51 1.23 1.25
Health Saitama  11.13 11.13  11.21 11.22 0.19 0.77 0.79
Chiba 12.81 12.64 11.64 11.64 0.60 1.06 1.07
Tokyo 13.80 13.73 12.66 12.53 0.18 0.79 0.85
Kanagawa 14.50 14.45 13.55 13.61 0.10 0.63 0.62

2.5 Technical

Issues

2.5.1 Deriwation of (2.6)

Note that E[(f; — u;)?] = E[,ul]

= [

E[fz2]. From (2.4), it follows that

L) (s;0i(u), o2)d(t; 0; (), 02)p(u; 2t B, A + Dy)dsdtdu,
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where 6;(u) = a;u + (1 — a;)xtB with a; = A/(A+ D;). Let S and T be random variables
mutually independently distributed as N (6;(U), o) under given U = u, and let U be a random
variable distributed as N(z!3, A + D;). The marginal distribution of the vector (S,T)" is

t
mlﬂ 1 ay
w((F) (s 1))
Then, we have E[i?] = E[h;l(S)hgl(T)], where the expectation is taken with respect to the
marginal distribution of (S,T)!. Introducing random variables z; and 2o mutually indepen-
dently distributed as N (0, A), we can express S = :Bﬁ,@—i-clizl +co;z9and T = wgﬁ%—clizl—cng,
thereby we obtain the expression

E[if] = E[hy H(&!B + c1iz1 + c2izo)hy Nl B + criz1 — c2i22)].

Since E[u?] can be expressed as E[u?] = E[{h}*(x!B + 21)}?], we obtain (2.6).

2.5.2  Proof of Lemma 2.2
For notational simplicity, we define fi;g) = 9pi/0¢ and fi;(pe) = 0%11;/0p0¢'. Expanding Ji;
around pi;, we get

~ 1 ~

fi — i = ) (@ — @) + §(¢ — &) Lii(pop) (Ui ¢*) (P — ¢),

where ¢ is on the line connecting ¢ and g?) Then, it holds that
~ SO ~ 1
92i(¢) = E [(d) — ) i) i) (@ — D) | + R+ s

where Ry = E[zi! ¢)(¢ o) (p—0)'hi Pipep) (Yi; @) (p—¢)] and Ry = E[{(¢—¢)' T (p¢) (Vi; @) (d—
¢)}]. We first show that Ry = o(m™') and Ry = o(m~!). We only prove Ry = o(m™!)
since the evaluation of Ry is quite similar. In what follows, we define 8%%i}/9drddy =
02115 (ys; %) /O O0by. Tt follows that

p+2 p+2 p+2 [ <

=20 ). F

7j=1k=1/¢=1
p+2 p+2 p+2

=> 3 Uijre

j=1k=1¢=1

| [/ o7 Oy
|Urju| <E _| <a¢j> <0¢k8¢€>

"aﬁi 1° ‘ O fif
10¢; O0¢r0d,

Ol o2 R R A
/ ) (8¢kg¢g> (¢J o ¢J)(¢k - st)(gbg _ d)é)

and

a7d
3}

nE:
] E U(@gj — 6,) (b — or)(Dr — B0)

1
4:|4

ool

8] I1 e Uq%—%

ae{j,k.}
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from Holder’s inequality. From the asymptotic normality of qAﬁ given in Lemma 8.1, it follows
E[|¢ — ¢|"] = O(m~"/2) for arbitrary r > 0. Then, we have

II E [ 2 4]1/4:0(717,_1).

(ba - ¢a
ac{j,k,L}

Noting that

-1
O, (@) = g()\x + 1+ A2x2>

oA 0
_h Y(z) x
1 1 2.2
3 { . )\og/\a:—i—\/ + Ax }

the straightforward calculation shows that

~ o 8h’1 t ~ o 9 9“ Z
Hi(x) = /_OO <(§A()> ¢(t;9i70i2)dt+/_oo () (W) "

p—1lg.
1 |: 91h>\ (91) yZ] _ )\2E |:h (0;) log(N\0; + m) y1:|

= XE

>’\>/

14 22602

+;<ng§Eym—®m%w
( )‘yz

=E[f |+ E[f200:)|yi] + E[f3(0i, yi)yil,
where O ) ,
MYi ogT o 1
D) (logaz + )\> hy(x).
Note that

B [{EL @ ulud}| < BRG] = LG5, )°)

for a > 0 from Jensen’s inequality. Since E[f1(6;)?] < oo, E[f2(0;)?] < oo, E[f3(0;,yi)%] < o0
for a > 0, it follows that

o |

|| < oo.

E
oA

Similarly, we have

D :UZ -~ —1
F‘z( B8) = (A—I—D ) |:(91 - Hz)h,\ (91) yz}
D} o 5/2) -1
i) TN E[{(eﬁei) s }hA (6:) y}
which leads to
of; |°
E U&ﬁk ] < 00,
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for Kk = 1,...,p+ 1. Moreover, straightforward but considerable calculations shows that
E [|82~*/8¢k6¢g\ | < co. Hence, we have Ry = o(m™!). A quite similar evaluation shows
that Ry = o(m™1), which leads to

92i(®) = B [(& — &)l i) (® — #)] + 0(m™").

Finally, using the similar argument given in the proof of Theorem 3 in Kubokawa et al. (2016),
we have

E (@~ ) i)/l — 9)| = tr (B [fii) i) | EUS — 0)(& — 0)1]) +o(m™")
= %tf {V(¢)E [ﬁi((b)ﬁ?@ﬁ)} } +o(m™),

which completes the proof.

2.5.8 Proof of Theorem 2.1

Taylor series expansion of gli(a) around ¢ gives

- a 7 - 1 82 i ~ ~
Elg1i(#)] = 911(¢) + ggét‘p)Ew — ]+ Str <ME[(¢ —$)(¢ - ¢)t]) + Rj,
where
p+2 p+2 p+2 83911 R R
21; > 56,00,00, a@a@&m (8= 06 = 90)(G = 90
J

Since E[(aj - ¢j)($k - ¢k)($z —¢¢)] = o(m™1), it holds that E[R3] = o(m~!). Moreover, from
Lemma 8.1, we have

i | .
Blni(®) - (9] = - 25 b(g) + oLun (G 2L0)

2m
thereby, we have E[g1;(¢) — g1i(¢)] = m~'ca(@) + o(m™') with the smooth function ca(¢p).
Hence, from Lemma 2.2 and Butar and Lahiri (2003), we obtain the second order unbiasedness
of (2.8).

V() + olm )






Chapter 3

Adaptively Transformed Mixed
Model Prediction

3.1 Introduction

We consider a finite population partitioned m areas and each area has N; populations for
i=1,...,m. Let Y;; be the characteristics of jth individuals in ith area. We are interested
in the area mean:

N
1 7

Hi =N ZT(Yij)a (3.1)
(2 j:1

where T is a known (user-specified) function. For example, in poverty mapping, we often use
To(x) ={(z —x)/2}*I(z < z) known as FGT poverty measure (Foster et al., 1984). In this
case, [; represents poverty rate (o = 0), poverty gap (o = 1) and poverty severity (o = 2)
in 7th area. If we could observed all the units Y;;, we could calculate the true value of p;.
However, in practice, we can only observe n;(< NN;) units in each area. Since the sample size
n; is small compared with N;, the direct estimator of p; based only on the sampled data:

p 1
iy = ;ZT(%]‘)
(] j:1

has a large variance and produces an inaccurate estimate. In most applications, some covari-
ates x;; associated with Y;; are available for sampled as well as non-sampled units. Under
the setting, Molina and Rao (2010) proposed an empirical best prediction (EBP) method for
1; using the nested error regression model:

Y;‘j:w%ﬁ—}—vi—i—&j, jZl,...,Ni, 1=1,...,m, (3.2)

where x;; and B are p-dimensional vectors of covariates and regression coefficients, v; is the
area-specific effect which follows N (0,72) and ¢;; is a sampling error distributed as N (0, c?).
The model parameters are estimated from the sampled data y, = {5, 7 =1,...,n, @ =
1,...,m}. Under the model (3.2), the conditional distribution of Y;;, j =n;+1,..., N; given
Ys 1

2 2,2

n; T _ ag-T .
mj\ysw(wzm T - 2B), ) Jemit L. N.  (33)

o2 + n;? 02 4+ n;T?

31
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Then the best predictor of p; can be obtained as the conditional expectation E[u;|y;] which
has the form

Wi = E[uz|y2] = N ZT(yij) + Z E[T(KJ)|yz]
" =1 Jj=n;+1

Though the expectation E[T'(Y;;)|y,] cannot be expressed in a closed form for general function
T(-), it can be easily computed via Monte Calro integration by generating large number of
random samples from the conditional distribution (3.3). The empirical best predictor fi; is
obtained by replacing unknown model parameters in i; with some estimator. Molina and Rao
(2010) demonstrated that the empirical best predictor performs quite well compared with the
direct estimator as well as ELL method (Elbers et al., 2003), the standard method for poverty
mapping used in World Bank.

The key assumption of the EBP method is the normality of the unit sample y;;, which
enables us to obtain the simple expression of the conditional distribution (3.3). However,
when y; is positive valued and its distribution is far from normality, the EBP method could
be inefficient and biased. In Molina and Rao (2010), transformed variable H (y;;) with some
known function H(-) instead of y;; is used in the nested error model (3.2). The selection
of the transformation H(-) is an important issue since the misspecification of H(-) leads
to inconsistency of the EBP method. To overcome the difficulty, in this chapter, we use the
parametric family of transformations for y;; and estimate the transformation parameter as well
as the model parameters in (3.2) from the sampled data. In Section 3.2, we propose the nested
error regression model with parametrically transformed response values, and an estimating
method for the model parameters. Then we suggest the flexibly transformed empirical best
predictor (FTEBP) of u;. For measuring the variability of FTEBP, we propose an empirical
Bayes confidence interval of u;. In Section 3.4, we present some simulation studies and an
example of the proposed method.

3.2 Adaptively Transformed Mixed Model Prediction

3.2.1 Transformed best predictor

Let Hy(-) be a family of transformations with parameter A. The transformation parameter
A might be multidimensional, but we treat A as a scalar parameter for notational simplicity.
The assumptions and specific choices of Hy(-) will be discussed in the subsequent section. We
assume that the transformed variable Hy(y;;) follows the nested error regression model:

HA(YVZ'j):ng,B—I-UZ‘%—EU, j=1...,N; i=1,...,m, (34)

where x;; and 3 are p-dimensional vectors of covariates and regression coefficients, v; and
g;j are an area-specific effect and a sampling error, respectively. Here we assume that v;
and g;; are mutually independent and distributed as v; ~ N(0,7%) and g;; ~ N(0,0?) with
unknown two variance parameters 72 and o2. It is worth noting that, owing to the area effect
v;, the units in the same area are mutually correlated while the units in the different area are
independent. Specifically, from (3.4), it holds Cor(H,(Yi;), Hx(Yir)) = (72 + 0?) 7172, j # K,
thereby the units in the same area are mutually correlated and the degree of correlation is
determined by the ratio 72/02. From the normality assumptions of v; and €;j, it follows
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that Hy(Yi;) ~ N(mﬁjﬂn'? + ¢2). Thus, the transformation parameter A can be chosen to
make the transformed data Hy(y;;) close to normality. We define ¢ = (8,72, 02, \)!, as the
vector of unknown model parameters in (3.4). The estimation procedure will be given in the
subsequent section.

Let ys = {yij, j =1,...,n;, i =1,...,m} be the sampled data. From the model (3.4),
we have H)(Y;;)|ys ~ N(0;j,57 +02), j =n; +1,..., N;, where

2 o o272
2B+ e . Z M) = @B), s = (3.5)
Hence, the best predictor of yu; given in (3.1) can be obtained as
N;
Fii(ys @) = Bluilys] = ZT (wis) + D BT o Hy (ug)] ¢ (3.6)
Jj=n;+1

where the expectation is taken with respect to u;; ~ N(6;5,s? + %), and T o H/\_l() is the
composite function of 7'(-) and H, ! the inverse function of Hy(-). Although the expectation
E[ToH; ! (ui;)] does not have a closed form in general, it can be easily computed via the Monte
Carlo integration. We call the best predictor (3.6) adaptively transformed best predictor
(ATBP).

3.2.2  Estimation of structural parameters

We here consider estimating the unknown model parameters ¢ in (3.4) based on the marginal
likelihood function. Noting that the log-marginal likelihood function of ¢ is given by

=2 >t/ - 5 > () - X.8) 7 () ~ X}

m  n;

— onzlog%r—i—ZZlogH)\ Yij),

=1 j=1

(3.7)

where (Zi)ge = 72 +0%1(k =€), Hx\(yi) = (Hx(yi1), - - -, Hx(Yin,))"s Xi = (2}, ..., 2}, )", and
H} (-) denotes the derivative of Hy(-). The maximum likelihood estimator of ¢ can be defined
as the maximizer of L(¢).

For maximizing the likelihood function L(¢), we first note that the profile likelihood
function of A can be expressed as

PLOY) = ML) + 3 > log 1 (3. (3.

i=1 j=1

where ML()) is the maximum likelihood of the nested error regression model with response
values Hy(y;j) and covariate vectors x;;, which can be efficiently carried out by using well-
developed numerical method (e.g. Molina and Marhuenda, 2015). Using the ease of the point
evaluation of the profile likelihood PL(\), we can obtain the maximizer of PL(\) by using,
for example, the golden section method (Brent et al., 1973). Once we obtain the estimator X,
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we get the estimators of other parameters by applying the nested error regression model to
the data set {Hs(yij), %is}-

For estimating the two variance parameters 72 and o2, the restricted maximum likelihood
(RML) method (Jiang, 1996) might be more attractive than the maximum likelihood method.
To implement the RML estimation, the first three terms in (3.7) need to be changed to the
restricted maximum likelihood, but the transformation parameter A\ can be easily estimated in
the same manner as the maximum likelihood method based on the profile likelihood function.
However, in this paper, we consider only the maximum likelihood estimator for simplicity.

3.2.8  Class of transformations

We here consider the concrete choice of the family of transformations H,(-). To begin with,
we give some conditions to be satisfied by the transformations.

Assumption 3.1. (Class of transformations)
1. Hy is a differentiable and monotone function, and the range of Hy is R for all \.
2. For fixred x, Hx(x) as the function of X is differentiable.

3. The function |0H\(w)/ON|, |0*H(w)/0N?| and |02 log Hi(w)/ON?| with w = H;l(a:)
are bounded from the upper by C1{exp(Cox)+exp(—Cax)} with some constants C1,Cy >
0.

The first condition is crucial in this context. If the range of Hy is not R, but some subset
A C R, the inverse function H, 1 cannot be defined on R \ A, which causes problems in
computing the best predictor (3.6). When the observations are positive valued, the Box-Cox
(BC) transformation (Box and Cox, 1964), Hy(z) = A~!(2*—1) for A # 0 and Hy(x) = log(),
is widely used. However, it is known that the range of BC transformation is truncated and not
whole real line, so that the BC transformation cannot be used in this context. An alternative
transformation, called dual power (DP) transformation, has been suggested by Yang (2006):

(L’A — (13_)\

PP () =

x>0, A>0, (3.9)
where limy_.g H?P(a:) = logx. It can be seen as the mean of two BC transformations, and
it is easy to confirm that the range of DPT is R, so that DPT can be used as a parametric
family including log-transformation in this context. The expression of the inverse function is
required in computing the transformed best predictor (3.6), and the Jacobian is also needed
for computing the profile likelihood function (3.8). These are given by

- 1/A dHY? 1
BP0 = (Ve a2) e EE L oy
x
In the context of small area estimation, the DP transformation was used in Sugasawa and
Kubokawa (2017) in the Fay-Herriot model. The original DP transformation (3.9) can be
used when the response variables are positive. When response variables are real valued, one
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may use the shifted-DP transformation of the form H) .(z) = {(z+¢c)* — (z+¢)~*}/2)\, where
¢ € (min(y;;) + €, 00) with specified small € > 0.

Another attractive transformation is the sinh-arcsinh (SS) transformation suggested in
Jones and Pewsey (2009) in the context of distribution theory, which has the form

HS%(.T) = sinh(bsinh ™ (2) —a), =€ (—00,00), a€ (—o00,00), b€ (0,00) (3.10)

where sinh(z) = (% — e~*)/2 is the hyperbolic sine function, sinh™!(z) = log(z 4+ v/22 4 1),
and two transformation parameter a and b control skewness and tail heaviness, respectively.
The inverse transformation and the Jacobian are obtained as

dHSS (2 1+ H5(z)?
Hab( 1)( ) = sinh(b~'sinh ™' (z) +a), and Zl;( ):b 1;’;2 )

These transformations will be used and compared in the application presented in Section
3.4.3.

3.2.4 Large sample properties

We here consider the large sample properties of the estimator of structural parameters. To
this end, we assume the following condition:

Assumption 3.2. (Assumptions under large m)
1. The true parameter vector ¢ is an interior point of the parameter space ®.
2. 0 <minj—1, mN; <max;—1,. mN; <oo.
3. The elements of X; are uniformly bounded and X'X; is positive definite.
4. m~t > XﬁE;lXi converges to a positive definite matriz as m — oo.

Since the asymptotic variance and covariance matrix of MLE can be derived from the
Fisher information matrix, we first provide the Fisher information matrix in the following
Theorem, where the proof is given in Appendix.

Theorem 3.1. We define the Fisher information Iy, 4. = —E[02L(¢p) | 0¢10b;], then it follows
that

L2 =

| =

Il
i

1 & 1 &
(lfuzifllm)Qa T2 = 9 Z 1%i2;21mv Is252 = 9 Ztr(272
i=1 i=1

)

m m
Igp=> X!Z7'X;, Ig2=1Ig2=0, Lp=-Y E [zgz:;?HS)(yi)] :
i=1 i=1

L= inEJ;lE H )], D =- iE 237,10, 37 ()]
- =1
I)\)\—ZE[ lH( )( ):|+ZE|:ZZ lH(Q) yz:| ZZE[@)\2 logHA(yw)]

=1 =1 j=1
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where H(k)( ) = OFH\(y;)/ONF for k = 1,2, z; = Hy\(y;) — X8, and E[-] denotes the
expectation with respect to y;;’s followmg the model (3.4). Then, under Assumptwns 3.1 and
3.2, the maximum likelihood estimator qb is asymptotically distributed as (Z) N(o, I )

From Theorem 3.1, it is observed that the information matrix of (3%,72,02) does not
depend on the transformation parameter A, and their expressions are the same as those of
the traditional nested error regression models. While the two variance parameters 72 and
o? are orthogonal to B in the sense that I gr2 = Ig,2 = 0, the transformation parameter
A is not orthogonal to the others. The expectations appeared in the Fisher matrix is not
analytically tractable, but it can be easily estimated by replacing the expectation with its
sample counterpart. In the case that A is multidimensional, the extension of Theorem 3.1
is straightforward. The expressions of H /(\k) (y;) and 0°log H} (yi;)/OA? could be analytically
complicated and require tedious algebraic calculations. In such a case, the numerical derivative
can be useful since we need to compute only the point values of the derivatives.

3.3 Empirical Bayes confidence intervals

3.3.1 Asymptotically valid confidence intervals

Measuring the variability of the transformed empirical best predictor ji; is an important issue
in practice. Traditionally, the mean squared error (MSE) of fi; has been used, and several
methods ranging from analytical method (Prasad and Rao, 1990) to numerical methods (Hall
and Maiti, 2006a) have been considered. On the other hand, an empirical Bayes confidence in-
terval of u; is more preferable since it can provide distributional information than MSE though
construction of the confidence interval is generally difficult. Here, we derive an asymptotically
valid empirical Bayes confidence interval of p;.

The key to the confidence interval is the conditional distribution of u; given y;. Noting
that Cov(H,(Y;;), Hx(Yir)|yi) = Var(v|y;) = s? for j # k, it follows that

(HA(Yimi41)s - HXYin ) i ~ N((Oinit1s - 08 571N, —ni Iy, . + 02T Ny —ny),
namely, the each component has the expression
H,\(Yz'j)|yi=91'j—|—8¢zi+aw¢j, j=n;+1,..., Nj,

where z; and w;; are mutually independent standard normal random variables, and 6;; and
s; are defined in (3.5). Then the posterior distribution of y; can be expressed as

n;

a4 1

pilyi = 5 > T(yiy) + Z T o Hy ' (03 + sizi + owyy) ¢ (3.11)
b=t j=n;+1

which is a complex function of standard normal random variables z; and w;;. However, random
samples from the conditional distribution (3.11) can be easily simulated.

We define Q,(y:, ¢) as the lower 100a% quantile point of the posterior distribution of p;
with the true ¢, which satisfies P(u; < Qq(vi, ¢)|yi) = a. Hence, the Bayes confidence interval
of p; with nominal level 1 — « is obtained as I, = (Qa/2(¥i, ®), Q1—a/2(Yi, @)), which holds
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that P(u; € I,) = 1 — a. However, the interval I, depends on the unknown parameter ¢, so
that the feasible version of I, is obtained by replacing ¢ with its estimator ¢, namely

Iéav = (Qa/Q(yiaa)le—a/Z(yiaa))a (312)

which we call naive empirical Bayes confidence interval of p;. The two quantiles appeared in
(3.12) can be computed by generating a large number of random samples from the conditional
distribution (3.11). Owing to the asymptotic properties of (?), the coverage probability of the
naive interval (3.12) converges to the nominal level as the number of areas m tends to infinity
as shown in the following theorem proved in Appendix.

Theorem 3.2. Under Assumptions 3.1 and 3.2, it holds P(u; € IY) =1 —a+O(m™).

3.3.2  Bootstrap calibrated intervals
As shown in Theorem 3.2, the coverage error of the naive interval (3.12) is of order m~!,
which is not necessarily negligible when m is not sufficiently large. Since the number of m is
usually moderate in practice, the calibrated intervals with higher accuracy would be valuable.
Following Chatterjee, et al. (2008), Hall and Maiti (2006a), we construct a second order
corrected empirical Bayes confidence interval I satisfying P(u; € IS) =1 — a + o(m™1).
To begin with, we define the bootstrap estimator of the coverage probability of the naive
interval. Let Ylj be the parametric bootstrap samples generated from the estimated model
(3.4) with ¢ = ;1\)7 and y; = {Y}}, j=1,...,n;}. Moreover, let yi; be the bootstrap version of
pi based on Y;%’s. Since the coverage probability is P(Qq/2(yis (75) < i < Qi—ay2(¥is qAﬁ)), its
parametric bootstrap estimator can be defined as

~x%

CP(a) = E* |1 {Qupa(vi+ ) < 1 < Quapalwi. @)}

where the expectation is taken with respect to the bootstrap samples Y;%’s. Based on the
coverage probability, we define the calibrated nominal level a* as the solution of the equation
CP(a*) = 1 — a, which can be solved by the bisectional method (Brent, 1973). Then, the
calibrated interval is given by

Ig = (Qa*/Q(yi7a)an—a*/Q(yha))a (313)

which has second order accuracy as shown in the following theorem proved in Appendix.

Theorem 3.3. Under Assumptions 3.1 and 3.2, it holds P(u; € I$) =1 — a + o(m™1).
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3.4 Numerical Studies

3.4.1 FEvaluation of prediction errors

We first evaluate the prediction errors of the proposed predictors together with some existing
methods. To this end, we considered the following data generating processes:

(A) NS =YY =Bo+ BiXy +vitey, vi~N0,73), e;~ N0,0%)
(B) (2N) (Y} = YY) = Bo+ BuXij +vi +eij, vi ~15(0,77), ey ~ 15(0,0%)
(C) Yy =exp(Bo + A Xij)vieij, vi ~D(1/7%,1/7%), ey ~T(1/0% 1/0?)

(D) Yij =0.2exp(Uy) + 08U, Usj = Bo+ BiXij + vi + €45,

’UiNN(O,TZ), Eij NN(O,O’Q),

where i =1,...,m,j=1,...,N, Bo = —1, f1 =3, 7 = 0.3, 0 = 0.7, and X;; were initially
generated from U(1,2) and fixed through simulation experiments. In model (i) and (ii), we
considered three values for A, A = 0,0.2 and 0.4. In this study, we set N = 200 and m = 25,
and we focus on estimating the ratio of the observation with values under z, namely

N
1
= 1Yy <2), i=1...m, (3.14)
j=1

where z is defined as 0.6 times median of Yj;’s.

Concerning the area sample sizes, we divided m = 25 areas into five groups with equal
number of areas, and we set the same number of n; within the same groups. The group
pattern of n; we considered was (20,40, 60,80,100). Among the generated Yj,...,Y;n, we
used first n; observations y;1 (= Yi1), ..., Yin, (= Yin,) as the sampled data. Then, based on the
sampled data y;;’s and covariates X;;’s, we computed the predicted value of y; based on the
four methods: the proposed flexible transformed empirical best prediction (ATP) method with
DP transformation (3.9), the transformed empirical best prediction (TP) method proposed by
Molina and Rao (2010) with log-transformation, the empirical best prediction (EBP) method
by directly applying the nested error regression model to the non-transformed observation y;;,
and the direct estimator (DE) given by

1 &

~D .

S = — I i < 5 — 17..., .
Hy; T j§1 (yz] Z) ? m

It should be noted that the TP method is correctly specified in scenario (A) with A = 0
while the ATP method is overfitting in this case. In the other cases in scenario (A), the ATP
method uses the same model as the data generating model. Scenario (B) is similar to (A),
but the distribution of error terms have the ¢-distribution. In scenario (C) and (D), the data
generation models do not coincides with any methods.

To compare the performances of the four methods, we computed the square root of mean
squared error (RMSE) defined as

RMSE; =

> (ﬁz(r) ~ MY))Za

r=1

=
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where R = 2000 in this study, ﬁgr) and ,ugr) are the estimated and true values of u;, respectively,
in the rth iteration. The obtained values of RMSEs are averaged over the same groups and
the results are reported in Table 8.1.

From Table 8.1, we can observe that the proposed method provides better estimates than
three existing methods in almost all cases. As mentioned in the above, ATP method is
overfitting in scenario (A) with A = 0 while TP method is correctly specified. However, the
results show that the performances between ATP and TP are almost the same, which might
indicate that the MSE inflation due to overfilling is not serious. The similar observation can
be done in scenario (B) with A = 0. On the other hand, in the other cases, the proposed ATP
method can improve the estimation accuracy of TP method as well as EBP and DE methods,
by adaptively estimating the transformation parameter from the data.

3.4.2  Finite sample evaluation of empirical Bayes confidence intervals

We next evaluate the finite sample performances of the empirical Bayes confidence intervals
given in Section 3.3. To this end, we considered the following data generating process for
population variables Y;:

@A) Y =Y = Bo+ X +vi +eij, v~ N(0,7%), g5 ~ N(0,07),

where 7 = 1,...,N and 7 = 1,...,m with N = 200. We set the true parameter values
A=0.3, 8y =—1, 1 =3,7=0.3, 0 = 0.7, and X;; were initially generated from the uniform
distribution on (1,2), which were fixed through simulation runs. We focused on the same
population parameter given in (3.14).

Among the generated Yji,...,Y;n, the first n = 50 observations Yji,...,Y;, were used
as the sampled data y;1,...,%in. Then, based on y;;’s and X;;’s, we computed two types pf
confidence intervals for u;, naive confidence interval (3.12) and bootstrap calibrated confidence
interval (3.13), which are denoted by NCI and BCI, respectively. To evaluate the performances
of two confidence intervals, based on R = 1000 simulation runs, we computed the empirical
coverage probability (CP) and the average length of confidence interval (AL), which are

defined as
R

R
(r) (r) 1 (r)

S I 1t d AL = > [cr],
(1; " € CL7)  an Rr:1|Cl |

r=1

1
CP; = =
where ,uz(-r) is the true value and CIl(-T) is NCI or BCI in the rth iteration. In Figure, we show
the obtained CP and AL in each area for two cases m = 20 and m = 30. Concerning CP, the
naive method tends to produce shorter confidence intervals, so that the coverage probability
is smaller than the nominal level for all areas, which is more serious in case m = 20 than
m = 30. This comes from the accuracy of NCI presented in Theorem 3.2, which mentions that
the coverage accuracy of NCI is O(m ™). On the other hand, bootstrap method can improve
the drawbacks of the naive method, and provides reasonable CP around the nominal level
under both m = 20 and m = 30. The results clearly support the theoretical property given
in Theorem 3.3 presenting BCI is second order accurate. Since undervaluation of estimation
risk may produce serious problems in practice, we should use the bootstrap method when the
number of areas is not large.
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Table 3.1: The group-wise averaged values of simulated square root of mean squared errors
(RMSE) for four methods, proposed adaptively transformed prediction (ATP) method, Molina
and Rao’s transformed prediction (TP) method, empirical best prediction (EBP) method
without any data transformations, and direct estimator (DE) for eight scenarios. All the
values in the table are multiplied by 100.

Area sample size n;
Scenario Method 20 40 60 80 100

ATP 3.65 2.68 219 1.86 1.62

(A)A=0 TP 3.64 268 218 1.85 1.62
EBP 500 4.09 3.34 2383 224

DE 777 444 508 247 2.22

ATP 358 265 217 1.83 1.59

(A)A=02 TP 3.74 280 231 1.95 1.68
EBP 489 4.05 329 292 225

DE 755 4.39 4.91 243 220

ATP 336 253 207 1.77 151

(A)A=04 TP 3.90 3.03 252 216 1.79
EBP 3.78 3.02 247 216 1.74

DE 6.99 4.26 451 234 2.09

ATP 458 333 281 231 201

(B) A=0 TP 458 3.33 280 231 201
EBP 8.92 7.38 6.10 576 4.47

DE 8.74 6.37 579 3.75 2.60

ATP 433 342 285 228 1.95

B)A=02 TP 456 3.61 3.03 245 2.09
EBP 6.23 5.08 452 3.50 3.01

DE 8.24 6.45 573 3.64 258

ATP 413 325 270 219 1.93

B)A=04 TP 473 3.88 323 271 230
EBP 468 3.72 322 261 226

DE 782 593 533 346 2.56

ATP 490 3.63 296 241 217

(C) TP 502 3.69 3.03 247 220
EBP 6.78 574 4.36 3.27 3.11

DE 8.67 531 416 4.07 3.05

ATP 454 344 298 253 203

(D) TP 505 4.04 3.48 297 2.36
EBP 525 420 3.38 290 2.32

DE 9.85 576 4.74 3.60 3.45

3.4.8 Ezxample: poverty mapping in Spain

We applied the proposed method to estimation of poverty indicators in Spanish provinces,
using the synthetic income data available in sae package (Molina and Marhuenda, 2015) in R
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Figure 3.1: Simulated coverage probability (CP) and average length (AL) of two confidence
intervals, naive confidence interval (NCI) and bootstrap calibrated confidence interval (BCI)
for m = 20 (upper) and m = 30 (lower).

language, in which the equalized annual net income are given. The similar data set was used
in Molina and Rao (2010) and Molina et al. (2014). As auxiliary variables, we considered
the indicators of the five quinquennial groupings of the variable age, the indicator of having
Spanish nationality, the indicators of the three levels of the variable education level, and the
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Figure 3.2: QQ-plots of standardized residuals in four models.

indicators of the three categories of the variable employment, with categories unemployed,
employed and inactive. For each auxiliary variable, one of the categories was considered as
base reference, omitting the corresponding indicator and then including an intercept in the
model. The poverty measures we focused on were the FGT poverty measures (Foster et al.,
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1984):
r—z

T(z) = ( >aI(:v <2),

where z is a fixed poverty line, and it corresponds to poverty incidence or head count ratio
(a = 0), poverty gap (o = 1) and poverty severalty (a = 2). In this example, we focused on
poverty ratio (o = 0), and we set z as the 0.6 times the median of incomes. Let E;; be the
income of jth individual in ith area. Such data are available for m = 52 areas and the sample
sizes are are ranging from 20 to 1420. Since the small portion of F;; take negative values, we
assume the nested error regression model with shifted-DPT:

z

SDP:  (2A)7! {(Eij + o) — (Eyj + c)*k} =z}, 8+ vi + €55, (3.15)

noting that the model has two transformation parameters A and c. We also considered two
submodel of (3.15). In both models, we set ¢ = ¢* = min(E;;) + 1 to ensure that E;; + ¢*
is positive for all (i,j). The first submodel is denied by putting ¢ = ¢* in (3.15), which is
referred to SDP-s. The second sub-model is the shifted-log transformation model:

SL:  log(Esj +c¢*) = x%,@ + v; + €45, (3.16)

which has no longer parameters and was used in Molina and Rao (2010). Finally, we also
applied the model with sinh-arcsinh transformation presented in Section 3.2.3:

SS:  sinh(bsinh™'(Ej;) — a) = @};8 + v; + €45, (3.17)

which has two transformation parameter a and b.
By maximizing the profile likelihood function of transformation parameters, we obtained
as follows:

(SDP) X =0.090 (1.99 x 107%), = 4319 (170.69)
(SDP-s) A = 0.290 (8.18 x 10~%)
(SS) @ = —0.584 (8.06 x 10~%), b =0.463 (1.55 x 1079),

where the values in the parentheses are the corresponding standard errors calculated from the
Fisher information matrix given in Theorem 3.1. From the above result, it can be observed
that the approximate 95% confidence intervals of the transformation parameter A in SDP and
SDP-s are bounded from 0, which means that the log-transformed model would be inappro-
priate. Moreover, we computed AIC and BIC based on the maximum marginal likelihood,
and the results are given in Table 3.2 in which the values scaled by the number of sampled
units (N = 17199) are reported. The results show that the SDP fits the best among the
four models in terms of both AIC and BIC while the SL model fits the worst. Hence, the
use of parametric transformation can improve AIC and BIC in this application. To see the
fitting of the models in terms of normality assumption of the error terms, we computed the
standardized residuals defined as

”_H(yij)_xgjﬁ 1
TZ]_ \/m ) J=41,...
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where H is the estimated transformation function, noting that r;;’s asymptotically follow the
standard normal distributions if the assumed model is correctly specified. In Figure 3.2, we
shows QQ-plots of r;;’s of the four models. We can observe that the normality assumptions in
the three models with parametric transformations, SDP, SDP-s and SS, seem plausible from
Figure 3.2. However, the QQ-plot for SL shows that the distribution of standardized residuals
is skewed and the normality assumption would not be appropriate.

Finally, we calculated the estimated values of the poverty rates p; from the direct estimator
(DE), and four model based methods. For computing the empirical best predictor of u;, we
used 100 random samples for Monte Carlo integration. The obtained values are given in Table
3.3 with the empirical Bayes confidence intervals of ;. It can be seen that the direct estimator
produces quite different estimates of u; from the model based methods in Avila and Sevilla.
We can also observe that SL. method tend to produce larger estimates than the other model
based methods. However, from AIC and BIC values and QQ-plot in Figure 3.2, the validity
of SL method is highly doubtful in this case, so that the predicted values given in Table 3.3
would not be reliable. As shown in Table 3.3, the use of different transformation function
leads to significantly different predicted values of ;. Hence, it would be valuable to select
an adequate transformation function by estimating transformation parameters based on the
sampled data.

Table 3.2: AIC and BIC of four models. The values are scaled by the number of sampled
units (N = 17199).

SDP SDP-s SS SL
AIC 20.2241  20.2260 20.2415 20.2883
BIC 20.2305 20.2318 20.2478 20.2937

Table 3.3: Estimated percent poverty rates from the direct estimator (DE) and four model
based methods in five provinces. The empirical Bayes confidence intervals are given in the
parenthesis.

area n; DE SDP SDP-s SS SL

Avila 58  8.62 17.81 18.16 18.47 18.58
(12.33, 23.85) (12.71, 23.65) (13.97, 25.28) (14.36, 24.19)

Tarragona 134 29.17 26.08 26.39 26.59 28.07
(24.17, 28.34)  (24.30, 28.21) (24.42 ,28.34) (25.96, 30.42)

Santander 434 29.31 32.43 33.06 33.03 35.91
(28.51, 36.00) (30.19, 35.80) (30.37, 35.95) (32.41, 39.02)

Sevilla 482 5.00 25.57 26.26 26.22 27.31
(23.63, 28.47) (23.72 ,28.46) (23.89, 29.29) (24.88, 29.76)

Oviedo 803 33.33 36.67 37.26 37.80 40.69

(29.98, 42.72)

(32.55, 42.62)

(31.33, 43.96)

(34.65, 46.66)
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3.5 Technical Issues

3.5.1  Proof of Theorem 3.1

From the likelihood function (3.7), its first order derivatives are given by

oL U PR oL 1 — PR te—1 t s—1
S yxmta oY, - LYy

i=1 i=1
oL 1 & 1y I e
@:_52“(211)—52422%

=1 ]

OL X~ gt
o= -2 A= H] +szlogﬂx Vi),

i=1 i=1 j=1

where z; = Hy(y;) — X;3. Since E[2;] = 0, it follows that E[92L/0B07%| = E[0?L/0B0c?] =
0. The other elements of the Fisher information can be obtained by a straightforward calcu-
lation. Moreover, under Assumptions 3.1 and 3.2, the each element of the Fisher information
matrix is finite, so that the asymptotic normality of ¢ follows.

3.5.2  Proof of Theorem 3.2

Let ¢ is the true values of parameters. It suffices to show that P(u; < Qu(yi, ®)) = a +
O(m™1) for a € (0,1). We first note that It holds that

P(i; < Qa(yi #)) = E[P(1i < Qu(yi, @)1y,)] = E[F(Qu(yi, ®); vis b0)]s

where F'(+;y;, @) is a distribution function of y; given y;. Let G (y;, & ¢0) = F(Qalyi, @);Ay,;, bo),
noting that 0 < G(y;, ¢, @) < 1 and G(y;, ¢y, Py) = a. The Taylor expansion of G(y;, @, @)
shows that

G yis &, b0) = G(yi, bo, bo) +ZG¢J Yis &, 00) | s, (95 — 05)

5D Gl 418004 (35 — 0 (B — )

7.k

2 Gy 013,80 g (B3 — 63) Bk — 00) (B2 — ),

]kf

where ¢* is on the line connecting (?5 and ¢,. Then, it follows that

P(1s < Qu(v:- ) = EIG(. $.60)] = a + Ba + LR+ LRy
where
Ry = B [Golyir &, 00)| 5y, (@ — ¢o>}
Ry = 3 G0 (i 6, 00) s, (05 — 65) (@1 — 0]

7.k

Ry =Y E |Gy, (uis 6, 60) |y (95— 61)(B1 — 01)(00 — 00)]

7.k,
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Using the Cauchy-Schwarz inequality, we have

B[ G000 . 60)| g (65— 67)(Dx — 61|

1

< {3, - 09} {BiG - o)1) \/ B G0 is 00|y |

From the asymptotic normality of 2,2\5 given in Theorem 3.1, it holds that E[|$k — o'l =
O(m_r/ ). Moreover, since 0 < G(y;,¢,0,) < 1 and ¢, is an interior point, it holds

’G(yi7¢17¢0) - G(yi7¢27¢0)| < 2 for all ¢17¢2 € N(bo with N¢0 = {¢7”¢ - ¢OH < 8}7
thereby the partial derivatives of G(y;, ¢, @) at ¢ = ¢, are bounded. Then, we obtain

Ry = O(m™!). Using the similar evaluation, we can show that R3 = O(m™!). Regarding R,
it is noted that

E |G (is &, 80)| 4y, (& — $0)| = E [ Goluir &, @0l — dolui]|

From Lohr and Rao (2009), it holds E[(?) — ¢olyi] = m by — I;laLi(yi, 0)/0P + op(m™1),

where Y " Li(yi, ¢g) = L(¢) and by = limy, 00 mE[¢ — ¢, is the asymptotic bias of ¢.
Hence, we have

E |Gy &, 60D — dolyi]

= %E [G¢(y2’ ¢7 ¢0)] b¢ —E |:G¢’(y“ ¢7 ¢0)I_1 0

P %Li(yﬁ bo)| +o(m™),

which is O(m™~!). Therefore, the proof is completed.

3.5.83 Proof of Theorem 3.3

From the proof of Theorem 3.2, we have

i~ C(av ¢0)

Fa(¢o) = P(i < Qalyin #) = a+ ==+ o(m™1),

where c(a, ) is a smooth function of a and ¢. Let a* and a* be satistying Fy+(¢y) = a and
F;+(¢) = a, respectively. Then, it holds @* — a* = o(1) since ¢ — ¢ = o(1). From the above
expansion, we have

@ —a = —— {c(a*, ®) — c(a”, ¢0)} +o(m™Y),
so that @* — a* = o,(m ™). Hence, it follows that

P(pii < Qe+ (yir ) = Pt < Qu=(yis @) + o(m™) = a+ o(m™),

which completes the proof.
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3.5.4 Checking assumptions of transformations

We here check the assumption 3 in Assumption 3.1 for the dual power (DP) transformation
(3.9) and sinh-arcsinh (SS) transformation (3.10).

(DP transformation) We first note that H/\_l(a:) = O(z'/*) as © — oco. By putting
x = —t for t > 0, we have

1
H ' (2) = (V1 + X282 — M)V = — O+~
r (@)= N TS v S
as t — oo. A straightforward calculation shows that
OH)(z)  a*logz + 2 *logx N -z
ox 2X 222 7

thereby, it follows that

‘%}?(Hil(@)’ = O(|z|log |2]) + O(Jz| " log |z]) + O(|z]) + O(|z|~!) = O(|2| log |z)

as |z| — co. Moreover, since

O?*Hy(z)  z*(logz)? — 27 *(log x)? B o —

o 2\ A3
the similar evaluation leads to |9?Hy(w)/0N?| = O(|z|(log|z[)?) as |z| — co. Regarding
9% log H} (z)/0X?, it holds that
9% log Hy(w)| 4(log w)?
ON2 T w2 (AT w A 1)2

= O((log |z)?|z[*)

as |r| — oo, so that the DP transformation satisfies the assumption. When the loca-
tion parameter is used, namely, H).(z) = {(z + ¢)* — (x + ¢)7*}/2], it is noted that
OFH) o(2)/0cF = OFHy, () /02", so that the quite similar evaluation shows that the shifted-
DP transformation also satisfies the assumption.

(SS transformation) It follows that

3Ha,b($) B . -1 aHa7b($)
5a cosh(bsinh™ (z) — a), 5%

Note that sinh™'(z) = O(log|z|) as |z| — oo, so that Ha_bl(m) = O(exp(b~tlog|z])) =
O(|z|*/*). Then, we have

= cosh(bsinh™!(z) — a) sinh ().

OHuyp ,
Mot (173 (2) = Oexp(blog [2]'") = O(Jx).
8Ha,b -1 1/b 1/b
oy (ap(2)) = Olexp(blog|a] /%) log |z /%) = O(Jz[ log x]),
as |z| — co. Moreover, it holds that
2Ha 2Ha
882’;@) = sinh(bsinh ™ (z) — a), W = sinh(bsinh ™ (z) — a){sinh~*(z)}?
aQHa,b(‘T)

o R | _ 1 —1
Badh sinh(bsinh™" (z) — a) sinh™ " (z),
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thereby the similar evaluation shows that 02 H, ,(x)/0%a = O(|z|), 0*H, 5 (z)/0%*b = O(|z|(log |z|)?)
and 0?H, (z)/0adb = O(|z|log |z|) as |x| — co. On the other hand, a straightforward calcu-
lation shows that

Ha,b(q:) aHa,b(x) 9 1 Ha,b(x) 8Ha,b(x)

= — loc H' ——
1 +Ha,b($)2 9a ' b 0og a,b(x) b + 11 Ha,b($)2 b )

0
9a log Hé’b(x)

which are bounded by the function 0H, (x)/0a and 0H, ;(x)/0b, respectively. A straight-
forward calculations show that the second partial derivatives of log H! ,(z) are bounded by
polynomial functions of the second partial derivatives of H,p(x) and 7Ha7b(x), thereby the
assumption is satisfied.



Chapter 4

Conditional Mean Squared Errors
in Mixed Models

4.1 Introduction

Traditionally, the (unconditional) mean squared errors (MSE) have been used for assessing the
variability of model based estimators. However, it is criticized that the unconditional MSE do
not give us appropriate estimation errors, since it is an integrated measure. Booth and Hobert
(1998) suggested the conditional MSE (CMSE) given the data of the small area of interest, and
Datta et al. (2011a) and Torabi and Rao (2013) derived second-order unbiased estimators of
the conditional MSE in the Fay-Herriot model and nested error regression model, respectively.
As pointed out in both papers, the difference between the conditional and unconditional
MSEs is small in the model based on normal distribution since it appears in the second-
order terms. On the other hand, in the generalized linear mixed models, Booth and Hobert
(1998) showed that the difference is significant for distributions far from normality in the
sense that the difference is appeared in the first-order. Although the generalized linear mixed
models are useful for analyzing count data in small area estimation, it is computationally
hard to derive the small area estimator and to evaluate their conditional MSEs, because
the marginal likelihood and the small area estimator in the generalized linear mixed model
cannot be expressed in closed forms. In fact, we need relatively high dimensional numerical
integration to evaluate the conditional MSEs. Another point is the assumption that sample
sizes of small areas are large, under which the Laplace approximation can be used to get
asymptotically unbiased estimators of the conditional MSEs. However, this assumption is
against the situation in small area estimation with small samples sizes.

An alternative model is the mixed model based on the natural exponential families with
quadratic variance functions (NEF-QVF) developed in Ghosh and Maiti (2004). The NEF-
QVF models include the Fay-Herriot model as well as Poisson-gamma and binomial-beta
models, which are extensively used in a variety of applications. The practical advantage
compared with generalized linear mixed models is that the Bayes estimator of the small area
parameter is the weighed average of a sample mean and a prior mean, so that the estimator
is easy to compute without any numerical techniques. However, there has been no literatures
concerned with the CMSEs in the NEF-QVF model in spite of their importance. Hence, in
this paper, we investigate the CMSE of the mixed models based on the NEF-QVF, and derive
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the second-order unbiased estimator of CMSE for practical use.

In Section 4.2, we first provide general strategies of deriving a second order unbiased
estimator of CMSE based on the parametric bootstrap and an analytical method based on
Taylor expansion. Then, in Section 4.3, we investigate the properties of CMSEs in NEF-QVF
mixed models and derive a second order unbiased estimator of CMSEs using the results in 4.2.
In Section 4.4, we studies the numerical properties of the CMSE estimator through simulation
and empirical studies. All the technical proofs are given in Section 4.5

4.2 Conditional MSE in General Mixed Models

Let y; be a direct estimate of small area parameter 6; for ¢ = 1,...,m. In this paper, we treat
both continuous and discrete cases for y; and ;. We consider the following two stage genera
mixed model:

il (05, @) ~ f(yil0i, &),  Oi|lp ~ 7(0:] ) i=1,...,m,

where ¢ is a g¢-dimensional vector of unknown parameters. In the continuous case, the
marginal density function of y; for given ¢ and the conditional (or posterior) density function
of 6; given y; are given by

e (i) = / £ (w65, S)(0:]6)6;
7(0ilyi, @) =f(yil0s, @) (65 P) /mr(yi| D)

and we use the same notations in the discrete case. Then, for i = 1,...,m, we consider the
problem of estimating (predicting) a scalar quantity p;(6;, @) of each small area.

For generic estimator fi;, the risk of the estimator is evaluated the unconditional and
conditional MSEs, described as

MSE; =B | {71 — (6, #)}°]
CMSE; :E[{ﬂi — i (0i, ¢)}2’yi]~

Since y1, ..., ym are independent, the best predictor of y;(6;, @) in terms of the two kinds of
MSEs are the conditional expectation given by

i = 113 (Yi, &) = E [pi(0;, @)yl ,

which corresponds to the Bayes estimator of u;. However, the hyperparameter ¢ is unknown
and [i; is infeasible, we need to estimate ¢ from observations yi,..., Y. Substituting an
estimator (75 into 11;(yi, @), we obtain an empirical Bayes (EB) estimator fi; = (v, q?))

For risk evaluation of an empirical Bayes estimator, we here focus on asymptotic evalua-
tions of the CMSE. To this end, we assume the following conditions on the estimator g?) and
the Bayes estimator 11;(y;, ¢) for large m:

Assumption 4.1.

(i) The dimension q of ¢ is bounded and the estimator ¢ satisfies that (¢p—¢)|y; = O,(m=1/2),
E[¢ — ¢lyi] = Op(m™1) and Var(¢ly;) = Op(m™1) fori=1,...,m.
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(i) Fori=1,...,m, pi(0;, ) = Op(1), fi(yi, @) = Op(1), and the variances Var(u;(0;, )|y;)
and Var(p;(yi, ¢)) ewist.

(111) The estimator f1;(y;, @) is continuously differentiable with respect to ¢;,5 =1,...,q, and
satisfies
opi(yi, @)
Op;

o (yi, @)

=Opll), B H 9¢;

yl:| < Q.

Under Assumption 4.1, we get a second-order approximation of CMSE of fi;. Let

Tvi(yi, ) =Var(ui(0i, &)|yi),

Toi(yi, @) ZEH@ - ¢)tW}2 yz}»

where T1;(y;, ¢) is the conditional or posterior variance of p;(0;, ¢). It is noted that T1;(y:, ) =
O,(1) and T (yi, d) = Op(m~1) under Assumption 4.1.

Theorem 4.1. Under Assumption 4.1, the CMSE of the empirical Bayes estimator [i; is
approximated as

CMSE; = T1i(yi, ) + Tai(i, @) + op(m ™).
Proof. Since E[u; — fi;]y;] = 0, it is observed that
CMSE; = E[(p; — fii + i — 1) |yi] = El(1i — 1) |yi] + El(i — 71)*[wil, (4.1)

and that E[(1; — 1:)2|y:] = Var(ui|yi) = Tii(yi, @). It is noted that

=i+ { U0V G g

where ¢* is between ¢ and . Since (qAb — @) | yi = Op(m™"/?), we obtain

i (yi, d) }2
ol
which shows Theorem 4.1. O

Bl — i)*lu] = E[{(6 - )"

ui] + op(m ™),

We next derive second order unbiased estimators of 177 and 715, which result in a second
order unbiased estimator of CMSE. As seen from Theorem 4.1, the order of T5;(y;, ¢) is
Op(m™1), so that we can estimate Ty;(y;, ¢) by the plug-in estimator T;(y;, ¢) unbiasedly up

to second order. For estimation of T7;(y;, ¢), the naive estimator 77;(y;, ¢) has a second order
bias because T1;(y;, ¢) = Op(1). It is observed that

E[T1i(yi &)|yi] = Tri(yi, ) + Th1i(yi, @) + Tr2i(yi, ¢) + 0p(m™1), (4.2)

where

Th1i(yi, @) = {W}tE[@ — &)yl
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and

Ti2i(yi, @) = ;tr[{W}E [(a) ~$)(¢— ¢)t|yZH

It is noted that T11;(yi, @) = Op(m™1) and T12i(yi, @) = Op(m_l) under Assumption 4.1.

[Analytical method] It follows from (4.2) that a second order unbiased estimator of CMSE
is given by - R R R R
CMSE; = Thi(yi, @) — T11i(yi, @) — Ti2i(yi ) + Toi(yi, @) (4.3)
Theorem 4.2. Under Assumption 4.1, the estimator (4.3) is a second-order unbiased esti-
mator of CMSE in the sense that
E[CMSE;|y;] = CMSE; + o,(m™").

As explained in Section 4.3, in the mixed model based on NEF-QVF, we can provide
analytical expressions for T11; and T19;, whereby we obtain a second order unbiased estimator
in a closed form. In general, however, it is hard to get analytical expressions for T71; and
T19;. In this case, as given below, the parametric bootstrap method helps us provide a feasible
second order unbiased estimator of CMSE.

[Parametric bootstrap method] Since y; is fixed, a bootstrap sample is generated from
yil05, @) ~ f(yil0F, )  GF#4, j=1,...,m,

where 67’s are mutually independently distributed as 0;‘@ ~ W(H;@) Noting that y; is fixed,

we construct the estimator qAb?Z) from the bootstrap sample
yTa R y;—byia y;(-‘,-la s 7y:n

with the same technique as used to obtain the estimator (f;'\) Let E, [-|y;] be the expectation
with regard to the bootstrap sample. A second order unbiased estimator of T;(y;, @) is given
by

—_ ~ ~ ~x%

T1i(yi, ) = 2T1i(yi, ¢) — B [Tu(yz‘, ¢>(¢))|yi} :
Then, it can be verified that E[T1;(yi, ®)|yi] = Tii(yi, &) + op(m™1). In fact, from (4.2), it is
noted that R

E[T1(yi» @) |yi] = Tuilyi, ) + di(yi, @) + 0op(m™1),

where d;(yi, ®) = T11i(yi, @) +T12i(yi, #). This implies that E, [Tli(yiv %))Iyi} = Tui(yi, @)+

di(yi,(/i) + op(m™1). Since d;(yi, ¢) is continuous in ¢ and d;(y;, d) = Op(m~1), one gets
E[T1:(yi, @) yi] = Tui(yi, &) + op(m™1).
For T5(ys, ¢), from (4.1), it is estimated via parametric bootstrap method as
Ty (yi, ) = E* {1 (yi, bay) — fa(wi, @)} |wi]

~

It is noted that the estimator T%;(y;, ¢) is always available although an analytical expression
of Ty;(y;, @) is not necessarily available. Combining the above results yields the estimator

CMSE; = Ti(yi, @) + T3 (v, ). (4.4)
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Theorem 4.3. Under Assumption 4.1, the estimator (4.4) is a second-order unbiased esti-
mator of CMSE in the sense that

E[CMSE, |y;] = CMSE; + o, (m ™).

4.3 Applications to NEF-QVF

We now consider the mixed models based on natural exponential families with quadratic vari-
ance functions (NEF-QVF). The NEF-QVF mixed models in context of small area estimation
were proposed by Ghosh and Maiti (2004), in which a second order unbiased estimator of
the unconditional MSE was used for qualify the risk of an empirical Bayes estimator. As
mentioned before, the CMSE is more preferable than the MSE as a risk measure in the con-
text of small area estimation, we here apply the results in the previous section to provide a
second-order approximation and its unbiased estimator for the CMSE.

4.3.1  Empirical Bayes estimator in NEF-QVF

Let y1, ..., ym be mutually independent random variables where the conditional distribution of
y; given #; and the marginal distribution of 6; belong to the the following natural exponential
families:

Yil0i ~f(yil0;) = expni(0iys — 0(6:)) + c(yi, ni)],

(4.5)
Oilv, m; ~m(6;|v, m;) = explv(m;0; — (0;))]C (v, m;),

where n; is a known scalar parameter and v is an unknown scalar hyperparameter. Let
y=y1,-..,ym) and ¢ = (01,...,0,,)". The function f(y;|6;) is the regular one-parameter
exponential family and the function 7(6;|v, m;) is the conjugate prior distribution. Define p;
by

pi = Elyi|0:] = ¢'(6:),

which is the conditional expectation of y; given 6;, where ¢'(x) = dy(x)/dz. Assume that
¥(0:) = Q) for () = d* () /da?, namely,

Var(uon = 0) _ Q)

n; Ty

where Q(z) = vy + viz + vox? for known constants vg, vi and ve which are not simulta-
neously zero. This means that given 6;, the conditional variance Var(y;|0;) is a quadratic
function of the conditional expectation E[y;|0;]. This is the natural exponential family with
the quadratic variance function (NEF-QVF) studied by Morris (1982, 1983). Similarly, the
mean and variance of the prior distribution are given by

Qi(my)

Z/—UQ.

Elpslmi, v] = m;,  Var(u;lm;,v) =

In our settings, we consider the link given by

m; = (x!B), i=1,...,m,
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where x; is a p x 1 vector of explanatory variables and 3 is a p X 1 unknown common vector of
regression coefficients. Then, the unknown parameters ¢ in the previous section correspond
to ¢' = (B,v). The joint probability density (or mass) function of (y;,6;) can be expressed
as

S (il (0slv,ms) = m(0ilyi, v) fr (yilv, mai),
where 7(0;|y;, v) is the conditional (or posterior) density function of 6; given y;, and fr(y;|v, m;)
is the marginal density function of y;. These density (or mass) functions are written as

m(0ilyi, v,mi) = exp[(n; + v) (1:0; — 1 (6:))]C(ni + v, ),
C(v,m;) (4.6)

fr(yilv, my) :m exple(yi, ni)],

where [i; is the posterior expectation of u;, namely, f; = E[u;|y;; @], given by
niYi +vm;

4.7
AT, (@7

1 = 1i(yi, @) =
which corresponds to the Bayes estimator of u; in the Bayesian context when v and m; are
known. As shown in Ghosh and Maiti (2008),

Ely] = mi,  Var(yi) = Qi(mi)di,  Cov(ys, i) = Qi(mi)/(v — va),

for ¢; = (1 4+ v/n;)/(v — va). Using these observations, Ghosh and Maiti (2008) showed that
the Bayes estimator fi; given in (4.7) is the best linear unbiased predictor of u; under the
squared loss.

Concerning the estimation of unknown hyperparameter ¢, Ghosh and Maiti (2004) sug-
gested the use of the optimal estimating equations developed in Godambe and Thompson
(1989). Let g; = (914, 92:)! for g1; = yi — m; and go; = (y; — m;)? — $:Q;(m;). Moreover, let

t o[ T Q% (m;)pix; o N m2i 3
D; =Qi(m;) ( 0 —(1+va/ni)(v— 712)_2 > . X =Cov(g;) = ( li3i fiai — M%i > )

and |3;| = paip2; — ,ug’i - ugi, where p,; = E[(y; —m;)"], r = 1,2,..., and exact expressions
of wa;, s and py; are given below. Then, Ghosh and Maiti (2008) derived the estimating
equations of the form >, DﬁE;lgi = 0, which are written as

> 21” [{,u4i — i — p3ihiQ;(mi) Ygui + {p2igiQi(mi) — NSi}QQi] Qi(mi)z; =0,
i=1 7"

(4.8)

Z ’;}‘ {2192 — p3:913 Y Qi(mi) (1 + v /n) (v — v2) ™2 = 0.
i=1 7"

The resulting estimator of ¢ is here called the GT-estimator and denoted by ;{)GT. The
equations can be solved numerically. In our numerical investigation, we used the optim
function in ‘R’ to solve the estimating equations by minimizing the sums of squares of the
estimating functions. The exact moments j,; = E[(y; — m;)"], 7 = 1,2,3,4, are obtain from
Theorem 1 of Ghosh and Maiti (2004) as

Q(mi)(v/ni +1) Q(mq)Q' (mi)(v/ni + 1)(v/ni + 2)

M2i - v — 'U2 9 M3l = (l/ _ UQ)(Z/ _ 2’02) b
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and

pa; =(d; +1)(2d; +1)(3d; + DE[ (s — mi)"] + g@é(mi)(di +1)(2d; + DE[( — mi)?)
n di+1

[7{Q'(m4)}* + 2n;(4d; + 3)Q ()| E[(1s — mi)°]
+ ﬁQ(mi) [n:(2d; + 3)Q(m;) + {Q' (m;)}?],

7

for d; = v9/n;. The expressions of the moments of p; are obtained given in Kubokawa et al.

(2014) as E[(x; — mi)?] = Q(my) /(v — va), E[(1i — my)’] = 2Q(mi) Q' (my) /(v — v2) (v — 2v2)

and
3Q(my) [(v = v2)Q(m:) +2{Q (my)Y’]
(v —v2) (v — 2v2) (v — 3v2) '

E [(ui —my)?*] =

Using these expressions, the estimating equation (4.8) is completed.

An alternative method for estimating ¢ is the maximum likelihood (ML) estimator. Since
a closed expression of the marginal distribution of y is given in (4.6) in the NEF-QVF mixed
model, the ML estimator of ¢ is defined as

R m C(V, m,)
— 1 i ’
¢y, = argmaxg {; 08 C(n; + v, 11 (yi, @) }

_ When the parameter ¢ is estimated by the GT-estimator qb d)GT or the ML-estimator
¢ = quL, we can construct the estimator m; = ¢/(x tﬁ) of m;. Substituting m; and v into
(4.7), we finally get the empirical Bayes estimator of u;:

2\ niyi +Um;

1 = pi(yi, @) = = 4.9
i = iy, ) = — (4.9)

4.3.2  Ewaluation of the CMSE

Our interest is evaluating the CMSE of [i; given in (4.9). Since the second-order approximation
of the CMSE is given in Theorem 4.1, we need to evaluate the first and second order terms
T1i(yi, @) and T;(y;, @) in the CMSE. For the first order term, it is easy to see that

Qi(yi, )

le(y7,7¢) - Var(ul(027¢)|yl) = ni +u— vy P

i=1,...,m, (4.10)
which is O,(1). For the second order term, unfortunately, we do not have an analytical
expression of Th;(y;,¢) when we use the ML-estimator ¢ML for qb But, the parametric
bootstrap method given in Theorem 4.3 enables us to obtain a second order unbiased estimator
of the CMSE. When the GT-estimator (?SGT is used for ¢, on the other hand, we can derive an
analytical expression of T5;(y;, ¢), which yields closed forms of the second-order approximation
of the CMSE and the asymptotically unbiased estimator of the CMSE. Thus, in the rest of

this subsection, we focus on derivation of analytical expressions for the CMSE when the
GT-estimator ¢t is used for ¢.
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We begin by giving a stochastic expansion and conditional moments of (EGT which is the
solution of the estimating equations (4.8). We use the following notations:

m m
Sm = ZDiz;lgw U(o) = ZDfE;lDZ (= Cov(sm)),
i=1 i=1
_ _ 1
blyi, @) = U(¢) " { DT g, + a1(@) + Sa2(9)}.
where the detailed forms of a;(¢) and as(¢) are given in (4.18) and (4.17) in Section 4.5. It
is noted that s,, = O,(m'/?) and U(¢) = O(m). The following lemma is useful for evaluating
the conditional MSE, where the proof is given in Section 4.5.

Lemma 4.1. Let E)GT be the solution of estimating equations in (4.8). Then it holds

(Pt — D)lyi = U() L8 + 0p(m /),
El(¢ar — &) (bar — ¢)'yi]l = U(@) ™! + 0,(m ™), (4.11)
Elar — Blyil = by, ) + op(m ™).

Lemma 4.1 means that the second-order approximations of the conditional covariance ma-
trix E[(¢pgr — @) (der — @)!|yi] does not depend on y;, and it coincides with the unconditional
results given in Ghosh and Maiti (2004). On the other hand, the second order approximation
of the conditional bias Elpar — @|yi] depends on y;. It is noted that Lemma 4.1 shows that
the estimator ¢t satisfies Assumption 4.1.

We now derive analytical expressions T5;(yi, @) in Theorem 4.1. In the following theorem,
we can evaluate To;(y;, @) as

Toi(yi, ) = tr [Pi(yi, 9)U(9) '], (4.12)
which is O,(m™1), where
(B = (s - v*Q(mi)’x;x —niv(ni +v) 1 Q(my)grie;
Pi(yi, ) = (ni +v) 2 ( —ngv(n; + V)_lQ(mi)gumﬁ n%(nz + V)_Qg%i > :

Theorem 4.4. The CMSE of 1i;(y;, aGT) can be approzimated up to Op(m~1) as
CMSE; = Thi(yi, ¢) + Toi(yi, ¢) + op(m ™), (4.13)
where T1;(yi, @) and Ti(yi, @) are given in (4.10) and (4.12), respectively.

Proof. From Theorem 4.1, it is sufficient to calculate Tb;, which is written as

yz} = trE[(g‘Z;) (g’z)t@m — ¢)(ber — @)’ yi:|

- trKgF(Z) (gZ:>tE [@GT — ¢)(bar — ¢)t‘yiﬂ'

01 (yi, P) }2
op

E[{(@cr - ¢)
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It is noted from (4.7) that

omi(yi, @) < v(ng +v) tQ(ms)z; >
oo —ni(ni +v) " 2g1 '

Then from Lemma 4.1, the last formula can be approximated as

tr [Pi(ys, &)U ()] + op(m™),

which completes the proof. O

Taking the expectation of CMSE; with respect to y;, one gets the unconditional MSE
given in Theorem 1 of Ghosh and Maiti (2004) with §; = n; '. In fact,

(ni +v)(v —v2)

Tyi(¢) =E[Tvi(yi, ¢)] =

Toi(¢p) =E[T2(ys, @)]
v2Q(m;)?x;xt 0

=(n; +V)72tr[< o ni(ni +v) 71 Q(my) (v — vy

Q(m;),

)—1 >U(¢)71] :

Corollary 4.1. The unconditional MSE of ;(y;, (/j\)GT) s approximated as

MSE; = T1i(¢) + T2 (@) + O(mfl).

It is interesting to investigate the difference between the approximations of the CMSE and
the MSE. When the underlying distribution of y; is a normal distribution, we have Q(z) = 1,
or vg = 1 and v; = v9 = 0, so that T1;(y;, @) = 1/(n; + v) = T1;(¢), namely the leading term
in the CMSE is identical to that in the MSE. Thus, the difference between the CMSE and the
MSE appears in the second-order term with O,(m™1). When v; or vs is not zero, however,
the leading term 71;(y;, @) in the CMSE is a function of y; and it is not equal to the leading
term T7;(¢) in the MSE. Thus, for distributions far from the normality, the difference between
the CMSE and the MSE is significant even when m is large. This tells us about the remark
that one cannot replace the conditional MSE given y; with the corresponding unconditional
MSE except for the normal distribution. Some examples including the Poisson and binomial
distributions are presented in Section 4.3.3.

We next derive an analytical form of a second-order unbiased estimator for the CMSE. To
this end, we define

. _oTi _ v(ng +v) "'\ NQ' () Q(mi)x;
e ®) =5 = ( “N2Q(f) — Aini(ni +v)72Q (A gui )
_ 'y, T Ti?

(it 78 )

R(yi, @) =000t \ (T T2
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-1

where \; = (n; + v —vy)™ ", and

T1i = (ni + ) vaai\iQ(mi) {2000Q(my) + Q' (1) Q' (mi) (ni +v) }

9%Ty; -

T = 0501 = Q(m)Ni(ni +v) 2 [Q (1) {ni — v(ns + )N} — 2vomvgr;(n; +v) 1] @,
(9 Ty -

TP = S5t = 2A0Q) + 2\ni(ni + v) Q' (g

+ 20 (i +v) g1 {(ni + v)Q' (i) + nivagus ) -

Using (4.11) in Lemma 4.1, we obtain the analytical expressions of T11; and Tj9; appeared in
(4.2) as

Ti1i(yi, @) =r(yi, @)'b(yi, ),  Ti2i(yi, @) = %tr [R(yi, ®)U ()],
thereby the estimator CMSE; given in (4.3) is expressed as
mi =T1i(yi, <$GT) + T2 (yis <?>GT) — (v, <75GT)tb(yi, <$GT) - %tf {R(Z/i, ESGT)U(E’GT)A] :
(4.14)
Theorem 4.5. The estimator (4.14) is a second-order unbiased estimator, namely,
E[CMSE; | ;] = CMSE; + o,(m ™).

4.83.8 Some useful examples
We here give representative examples of the NEF-QVF mixed models (4.5) and investigate
some properties of the CMSE.

[1] Fay-Herriot model. = The Fay-Herriot model suggested in Fay and Herriot (1979) is
an area-level model extensively used in small area estimation. The model is described as

yi:$§ﬂ+vi+5i, i=1,...,m,

where m is the number of small areas, and v;’s and ¢;’s are mutually independently distributed
random errors such that v; ~ N (0, A) and &; ~ N(0, D;). The notations in (4.5) correspond
to n; = D;l,vo =1l,u1 = vy = 0,p; = 0;,v = A~! and ¥(6;) = 91-2/2. In this case, the
estimating equations in (4.8) reduce to

m m

DA+ D) wy = (A+ D) 'l
i=1 i=1

D (A+ D) *(yi—xiB)* =D (A+ D))"
i=1 =1

which coincide with the likelihood equations for the maximum likelihood estimators of 3
and A, namely ngL = quT in Fay-Herriot model. The terms T7;(y;, ¢) and T;(y;, @) in
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approximation (8.13) of the CMSE are written as

AD;
A+ Di

D (yi — iB)* (- 1 -
Ti(yi &) = A+D (ZA+D> Tt (A+ Dj)* <;2(A+Dj)2) ’

which were given in Datta et al. (2011a). In the Fay-Herriot model, T1,(y;, ¢) = AD; /(A + D;) =
T1i(¢), namely, the leading terms in the conditional and unconditional MSEs are identical,
and the difference is appeared in the term of order O(m™!), which is negligible for large m.

Tvi(yi, @) =

[2] Poisson-gamma model. Let zi,...,z, be mutually independent random variables
having
zil\i ~Po(n;\;) and A ~T(vm;,1/v)

where A, ..., A, are mutually independent, Po(\) denotes the Poisson distribution with mean
A, and T'(a,b) denotes the gamma distribution with shape parameter a and scale parameter
b. Let y; = z;/n; and Inm; = !B for i = 1,...,m. Then, the notations in (4.5) correspond

tovy =1, vg=vy =0, p; =\ = exp(6;), and 1[)( ;) = exp(6;). The posterior distribution of
\; is (z/mZ + niyi, (i +v)7Y) or T((n; + v)fii, (ni +v)~1). Then we have
By @) niyi +vm;

T - - = e
17,(y17¢) n; + v (ni—f—l/)2 )

which increases in y;. Thus, the difference between the conditional and unconditional MSEs
increases in y;. When a large value of y; is observed, it should be remarked that the conditional
MSE of the empirical Bayes estimator given y; is larger than the unconditional (or integrated)
MSE. Hence, it is meaningful to provide practitioners with the information on the conditional
MSE as well as the unconditional MSE.

For the Poisson-gamma mixture model, the marginal distribution of y; (marginal likeli-
hood) is the negative binomial distribution given by

I'(njy; +vm; n; iy v v
fyis @) = ( ,y ), : : :
C(ny; + )T (vmy;) \ni +v n; +v

where I'(+) denotes a gamma function. Thus it is noted that the maximum likelihood estimator
can be obtained by maximizing >".", log f(yi|®).

[3] Binomial-beta model. Let z1, ..., z, be mutually independent random variables having

zilpi ~ Bin(n;,p;) and p; ~ B(vm;,v(1 —m;)),

where p1q, ..., p, are mutually independent, Bin(n,p) denotes the binomial distribution and
B(a,b) denotes the beta distribution. Let y; = z;/n; and m; = exp(z!3)/{1 + exp(z!3)} for
i =1,...,m. Then the notations in (4.5) correspond to vg = 0, v1 = 1 and vy = —1, p; =

pi = exp( i)/{1 + exp(6;)} and ¥ (0;) = In(1 + exp(0;)). The posterior distribution of p; is
B(vm; + niy;,ni(1 — y;) + v(1 —m;)) or B((n; + v)i;, (n; +v)(1 — [i;)), so that Ty;(y;, @) is

written as R R
pi(yi, )1 — 1i(yi, )}

Tll(y17¢) = n+V+1
7

)
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which is a quadratic and concave function of y;. Since 0 < f(y;, ) < 1, Thi(yi, @) is al-
ways positive and attains the maximum when f; = 1/2 or y; = (n; + v)/2n; — vm;/n;, and
T1i(yi, ) = 0 when f1; = 0 or 1. Thus, the value of T1;(y;, ¢) is relatively small when y; is
close to 0 or 1. When y; is around 1/2, the value of T;(y;, ¢) tends to be larger. When a
value around 1/2 is observed for y;, it should be remarked that the conditional MSE of the
EB given y; is larger than the unconditional (or integrated) MSE.

In the binomial-beta mixture model, the marginal likelihood function is not a familiar
form, but proportional to

Tt B(vm; + niyi,ni(1— ;) + v(1 —my))
L(e) Zl_[l B(vmg,v(1 —m;)) ’

where B(-,-) is a beta function.

4.4 Numerical Studies

4.4.1  Comparison of CMSE and MSE

We first investigated how different CMSE is from the unconditional MSE. Since the major
difference between them appears in the leading terms, namely the terms with order O,(1) in
the CMSE and MSE, we define the ratio of the leading terms in CMSE and MSE as

Ratio; = T7; (yi, ¢)/E[T1i(yiv ¢)]7

which is a function of y; and ¢. We considered the case m = 10, v = 1, !8 = u = 0 and
n; = 10 for ¢ = 1,...,m. Then, the curves of the functions Ratio; are illustrated Figure
4.1 for the three mixed models: the Fay-Herriot, Poisson-gamma and binomial-beta models.
As mentioned before, in the Fay-Herriot model, Ratio; = 1 since T1;(yi, ¢) = E [T1:(yi, @)].
For the Poisson-gamma and binomial-beta mixture models, Figure 4.1 tells us about the
interesting features of their leading terms in the CMSE, namely, the ratio is an increasing
function of y; for the Poisson-gamma mixture model, and a concave and quadratic function
of y; for the binomial-beta mixture model.

We next investigated the corresponding ratios based on the second-order approximations
of the CMSE and MSE. Let us define Ratios by

Ratios = {T1:(yi, @) + Toi(yi, @)}/ E[T1i(vi, @) + T2 (ys, D))

Since the second order terms depend on m, we treated three cases m = 10, 15 and 20 with
z!@ =pand ny = -+ = n, = 5. We used (%GT for estimation of ¢. The performances of
Ratioy are illustrated in Figure 4.2 for the three mixed models, where the values of (u,v)
are (0,1) for the Fay-Herriot model, (exp(2),1) for the Poisson-gamma mixture model, and
(exp(1.5)/{1 + exp(1.5)},1) for the binomial-beta mixture models. Figure 4.2 demonstrates
that the second-order terms for the three mixed models do not contribute so much to Ratios
or the conditional MSE.
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Figure 4.1: Ratio of the leading terms in CMSE and MSE for the Fay-Herriot model, the
binomial-beta model, and the Poisson-gamma model.
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Figure 4.2: Ratio of the leading terms in CMSE and MSE for the Fay-Herriot model, the
binomial-beta model, and the Poisson-gamma mixture Model.

4.4.2  Finite performances of the CMSE estimators

We next investigated the finite performances of the second order unbiased estimator of CMSE.
We used the Poisson-gamma model and the binomial-beta model with m = 25, n; = 10 and
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v = 15. For simplicity, we considered the case without covariates and set 81 = 0. Since the
conditional MSE depends on the observation, we first obtained the a-quantile point, denoted
by Y1(a), of the distribution of y; for a = 0.05, 0.25, 0.5, 0.75 and 0.95. For the Poisson-gamma
mixture model, the marginal distribution of y; is the negative binomial distribution and y;(q)
corresponds to the a-quantile of the negative binomial distribution. For the binomial-beta
mixture model, the marginal distribution of y; is not a familiar distribution, so that we
generated a large number of random samples of y; and computed the quantiles.

For computing the true values of CMSE, we generated random samples y; for i = 2,... m,
computed estimates (75 from the simulated data {y(q), yér), ..,y%)}, and calculated the em-
pirical Bayes estimates j17 in the 1st area. These procedures were repeated for Ry = 10,000
times to get the true CMSE value in the 1st area under given y;(q):

R
1 Z ~(r)  ~ 2
CMSEl - Tll(yl(a)u ¢) + Rl {,U’g ) - Hl(yl(a)v ¢)} )

r=1

where ﬁgr) is the empirical Bayes estimates in rth simulation run. For estimating ¢, we

considered both the GT-estimator and the ML estimator.

Through the same manner as described above, we generate another simulated sample with
size Ro = 2,000 and calculate the CMSE estimate CMSE;. Then, we computed the relative
bias (RB) and coefficients of variation (CV) for the CMSE estimator:

RIS CMSE!” — OMSE,

B
R CMSE,
1 & (r) 2
- MSE,” — CMSE MSE
0\ {Rz;(cs1 CSl)} /CSl,

where CM/?EY) is the CMSE estimate in the rth replication.

For a = 0.05, 0.25, 0.50, 0.75 and 0.95, we report the value of y;(), CMSE;, RB and
CV in both cases in which we used GT-estimator and ML-estimator for ¢, in Table 4.1 for
the two mixed models. It is noted that the values of CMSE; are multiplied by 100. Table
4.1 demonstrates that the CMSE estimator with the GT-estimator performs well for various
values of y;(q) in both models. Concerning the CMSE estimator with the ML-estimator, it
is biased than GT, but the CVML is smaller than CVET. The true value of CMSE; has
a general trend increasing in yj(,) in the Poisson-gamma model, which coincides with the
analytical property discussed the previous section. In the binomial-beta mixture model, the
true values of CMSE; are similar for five a. Altogether, we can conclude that the CMSE
estimators with both GT and ML perform well in this setting.

4.4.8  Ezxample: stomach cancer mortality data

We applied the proposed method to the Stomach Cancer Mortality Data and the Infant
Mortality Data Before World War II in Japan. The data set consists of the observed number
of mortality z; and its expected number n; of stomach cancer for women who lived in the ith
city or town in Saitama prefecture, Japan, for five years from 1995 to 1999. Such area-level
data (z;,n;), i = 1,...,m, are available for m = 92 cities and towns, and the total number of
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Table 4.1: Values of CMSE;, relative bias (RB) and coefficient of variation (CV) of the CMSE
estimator for the five conditioning values in the Poisson-gamma and binomial-beta models.

a Yi(a) CMSE$T RBCT CveT CMSEME RBME CcyME
0.05 0.40 4.10 0.09 0.73 3.92 —-0.14 0.20
0.25 0.70 3.80 0.02  0.53 3.97 —0.30 0.36
Poisson-gamma 0.50 1.00 4.24 —0.03 0.68 4.31 —0.36 0.41
0.75 1.30 4.90 0.06 0.71 5.05 —0.30 0.37
0.95 1.70 6.16 0.06  0.66 6.45 —-0.04 0.22
0.05 0.10 1.18 —0.10 0.30 1.25 —0.05 0.15
0.25 0.30 1.07 0.03 047 1.10 —0.24 0.30
Binomial-beta 0.50 0.40 1.03 0.07  0.56 1.05 —-0.32 0.37
0.75 0.50 1.03 0.06  0.60 1.03 —-0.34 0.39
0.95 0.70 1.06 —0.02 0.51 1.10 —0.23 0.30

mortality in the whole region is L = 3953. The expected numbers are adjusted by age on the
basis of the population so that L = >~ z; = Y /" n,.

For zi,...,zm, we used the Poisson-gamma model discussed in Section 4.3.3, namely
zilA\i ~ Po(n;A;) and A\; ~ I'(vm;,1/v). Since data of mortality rate of stomach cancer
for men are also available, we can use them as a covariate. Let z; be a log-transformed
mortality rate for men for i-th area. Then, we treat the regression model Inm; = By + x; 51
for i = 1,...,m. The unknown parameters ¢' = (g, 81, V)" are estimated as the roots of
the estimating equations in (4.8). Their estimates are By = —7.77 x 1073, 3y = 0.157 and
v = 158.

To illustrate the difference between CMSE and MSE, we use the percentage relative dif-
ference (RD) defined by

RD; = 100 x (CMSE; — MSE;)/MSE;.

When RD; is positive, CMSE is larger than MSE In Figure 4.3, the plots of the values
(MSEZ, CMSE ) multiplied by 1,000 and the values of (y;, RD;) for i = 1,...,m are given in
the left and right figures, respectively, where y; = z;/n; is the standard mortality rate (SMR).
From Figure 4.3, it is revealed that the values of C/M§EZ are larger than those of 1\@1 for
some areas, and that the relative differences RD; have great variability, which comes from
non-normality of distribution as discussed in Sectlon 44.1.

Table 4.2 reports the values of n;, y;, EB;, CMSE“ MSE and RD for ten selected mu-
nicipalities in Saitama prefecture, where the values of MSE and CMSE are multiplied by
1,000. It is noted that Kumagaya has the maximum RD value and Yoshida has the minimum
RD value in our result. The values of RD tell us about important information that the given
empirical Bayes estimate has a different prediction error from the usual unconditional MSE.
For instance, in Yoshida, the estimate of the CMSE is 8.631, while that of the unconditional
MSE is 18.858, and the resulting RD is —54. This means that the unconditional MSE over-
estimates the CMSE. On the other hand, in Kumagaya, the estimate of the CMSE is 7.384,
while that of the unconditional MSE is 5.819, and the resulting RD is 27. This means that
the unconditional MSE under-estimates the CMSE. Remember that the CMSE is a function
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of both y; and n; increasing for y; and decreasing for n; in the Poisson-gamma model, while
the unconditional MSE does not depend on y; and decreases for n;. Thus, the CMSE is not
always small in areas with small n; such as Yoshida and Naguri, and the unconditional MSE
may over-estimates the CMSE. On the contrary, in area with large n; such as Kumagaya, the
unconditional MSE may under-estimates the CMSE, which leads to a serious situation in real
application.
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Figure 4.3: Scatter plot of (I\TS\EZ,(WZ) (left) and that of (y;, RD;) (right) for stomach
cancer mortality data.

4.4.4  Example: infant mortality data

We next handle the historical data of the Infant Mortality Data Before World War II. The
data set consists of the observed number of infant mortality z; and the number of birth
n; in the i-th city or town in Ishikawa prefecture, Japan, before World War II. Such area-
level data are available for m = 211 cities, towns and villages, and the total number of
infant mortality in the whole region is L = 4252. It is noted that the infant mortality rates
y; = z;/n; before World War II are not small and distributed around 0.2. Thus, we here apply
the data to the binomial-beta model rather than the Poisson-gamma model. For zq,..., zy,
zi|lpi and p; have the distributions z;|p; ~ Bin(n;,p;) and p; ~ B(vm;,v(1 — m;)), where
m; = exp(B)/(1 + exp(B)) for i = 1,...,m, since we do not have any covariates. Thus, the
unknown parameters are ¢ = (3,v)! and their estimates are 8 = —1.57, namely m; = 0.171,
and v = 102. -

The plots of the values (MSE;, CMSE;) multiplied by 1,000 and the values of (y;, RD;)
for i = 1,...,m are given in the left and right figures of Figure 4.4, respectively. Figure 4.4
suggests that the values of the relative difference RD increases in y;. This is because the
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Table 4.2: Values of expected mortality n;, SMR y;, empirical Bayes estimates EB;, CMSE
estimate CMSE;, unconditional MSE estimate MSE; and relative difference RD; for 10 selected
areas in Saitama prefecture.

Area n; Yi EBl C/Mﬁl l\fS\El RDZ

Kawagoe 192.1 1.077 1.058 3.892 3.855 1
Kumagaya 102.7 1.324 1.194 7.384 5.819 27
Hatagaya 35.2 1.307 1.114 9.556 9.054 6
Asaka 52.5 1.124 1.031 7.600 7.736 -2
Sakado 51.6 1.298 1.131 8.903 7.933 12
Ooi 20.7 0.867 1.003 9.202 10.720 —14
Naguri 3.6 1394 0934 9.435 14.839 —36
Yoshida 6.5 0.771 0.863 8.631 18.858 —H4
Kamisato 18.3 1.364 1.066 10.164 9.690 5
Miyashiro 20.1 1.194 1.051 9.516 9.784 -3

leading O,(1) term is an increasing function of y; for fixed n; since y; is between 0 and 0.5,
as investigated in Section 4.4.1. It is observed from Figure 4.4 that the unconditional MSE
under-estimates the CMSE in most areas. This gives us a warning message on the empirical
Bayes estimates in each area since the unconditional MSE underestimates the estimation error
of the empirical Bayes estimate based on given area data. Table 4.3 reports the values of n;,
yi, EB;, CMSE;, MSEi\and RDi/fg fifteen selected municipalities in Ishikawa prefecture,
where the values of MSE; and CMSE; are multiplied by 1,000. It is noted that Area 175
has the maximum RD value and Area 46 has the minimum RD value in our result. For
Area 176, the observed mortality rate y; = 0.400 is much shrunken to EB; = 0.216 by the
empirical Bayes estimator since the number of birth is quite small as given by n; = 25. The
unconditional MSE is estimated by 1.216, but the relative difference is RD; = 62, and the
estimate of CMSE is 1.964, which is higher than the MSE estimate. This suggests that it
should be good to provide estimates of CMSE as well as estimates of MSE.

4.5 Technical Issues

4.5.1 Proof of Lemma 4.1

For notational simplicity, we put R; = DfZi_l and we use U as U(¢). Using the results in
Ghosh and Maiti (2004), we immediately have ¢ — ¢ = U~ 1s,, + 0,(m~1/2), which implies
that

B[(6- )& ¢)'ly:| = U B [smsl,lyi] U™+ 0(m™Y),
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Figure 4.4: Scatter plot of (@Z,ml) (left) and that of (y;, RD;) (right) for infant
mortality data.

Table 4.3:/\@ues of expected mortality n;, SI\Aliyi, empirical Bayes estimates EB;, CMSE
estimate CMSE;, unconditional MSE estimate MSE; and relative difference RD; for 15 selected

areas in Ishikawa prefecture.

Area n; Yi EBZ' C/M§Ei @i RDL
1 4146 0.139 0.139 0.033 0.033 O
19 56  0.250 0.199 1.386 0.966 43
23 55  0.164 0.168 1.152 0.973 18
46 197 0.091 0.119 0.416 0.494 —16
71 84 0.060 0.121 0.698 0.814 —14
79 87 0.069 0.124 0.703 0.800 —13
86 101 0.079 0.125 0.658 0.742 —11
96 194 0.119 0.137 0.480 0.499 —4
98 208 0.250 0.224 0.771 0.476 62

112 94 0.160 0.166 0.894 0.770 16
158 173 0.185 0.180 0.685 0.539 27
162 57 0.333 0.229 1.646 0.960 71
175 119 0.294 0.237 1.190 0.678 75
176 25 0400 0.216 1.964 1.216 62
179 245 0.229 0.212 0.642 0.423 52
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where

[$m8myi] ZE R;g,9'R}|y] ZE R;g,9'R}| + Rig,g! R
J#i
= U + Ri(g,9! — Z)R;,

since g; depends only on y; of Y and y1, ..., ¥ are mutually independent. Since U = O(m)
and R;(g,9! — )R, = O,(1), we have E [sp,s!,|yi] = U + O,(1), so that

E[(@- )@ —¢)|u| =U " +o,(m™").

Next, we evaluate asymptotically the conditional bias of g?), ie. E[a — ¢|y;]. Expanding the
equation (4.8) up to second order, we have

o= (—%Sd’)”)_l(sm + 5t o1)),
where . . 5
- Z(‘Zﬁt)(r 109)+ LR (5g1)

noting that 9s,,/0¢" = —U + o,(m), and

t = coli{ (¢ - )’ (825"“ ) (6-9)},

0poP’
for s, = (Smi,...,9mq) with ¢ = p + 1. It noted that S, = Rg; for k =1,...,q, where
Ry, is the k-th row vector of R;. The notation coly {a,} for scalars a;’s, £ = 1,...,n is defined
by
coly {ay} = (a1, as,...,an)".

Let W = 0s,,/0¢" — (—U), then we have
(—%‘?)1 = U U WU +0p(m 2.
Therefore, it follows that
b—¢= {U—l +U'wUut + op(m—3/2)} {sm + %t + op(1)}
=U"ls,, + %U_lt +U'WU s, + 0p(m ™),

whereby

N 1
El¢p — ¢lyi] = U 'Rig, + §U’1E [ty + UT'E (WU s, yi] - (4.15)
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For the second term in (4.15), note that

B [tly] = col{ B [(& ~ ) (2 ¢‘2”(;i> (- )y

J}

~cob{uf (222 ) B |G- 06— 0llu] }}
_ colg{tr( [2;“2@] U- )} +0,(1) = az(ep) + 0p(1).

The straightforward calculation shows that

2 m 2. . ) 2
Lo —Z{(aRM)<Ip®gi)+2aR“’agZ +(Ip®Rie>< . >}
=1

0P PP ¢ 0gt o0

so that ) )
PSm] ORy\ ‘ 9°g;
. [a¢a¢t} -2 {2 ( o6 ) Dit (I © Rk <a¢ta¢> } |
Since 5 o o
9i _ Nt — s - D.
5o = 200w —m)( y ) =D (4.16)
we obtain
6291' — ( 2sz(mz) {Ql(mz)( Yi mz) - Q(mz)} ) ® ( Ot 0 > _ aDZ

0t o 0 xz! 0 op’

whereby

%

2q. _ . )2 . i
() (7AYo (8 )0

ag((j)):colg{tr( 12{ (aR“) (Iq®Ri£)Zi}>}. (4.17)

For the evaluation of the third term in (4.15), we get
U 'E[WU 'sy|y] =U 'E[WU 's,,] +0,(m™),

Then we have

and

E[(WU 's,| =E K‘Zj;) U_lsm]

U aRZ _ " agz _

Using the expression (4.16), we finally have
ai(¢) =E [WUflsm]

" [ OR; _ - ot 0 ;
_ z; (M) vee(D;U ™) +2;RiQ(mi)( 2 0 )U 'R, ( Zi )

which completes the proof. O

(4.18)
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4.5.2  Numerical evaluation of partial derivatives.

The analytical expression of OR;/0¢" and 0D;/d¢ are complex and not practical. However,
the values of these derivatives at some value ¢ can be easily calculated. Let z,, be a positive
number depending on m, then the value of OR;/0¢y, k=1,...,k at ¢ = ¢ is evaluated as

OR;
Oy,

where ey, is a vector of 0’s other than k-th element is 1. Since the difference between OR; /0y,
and OR;/0¢; at ¢ = @ is O(zy,), the choice 2, = o(m™!) does not affect the second-order
unbiasedness of the CMSE estimator established in Theorem 4.5. In numerical studies given
in this paper, we choose z,, = m~%/4 satisfying z,, = o(m™1). The partial derivative 0D;/0¢
can be numerically evaluated in the same way.

(#6) = (22m) " {Ri(dg + 2zmex) — Ri(g — zmen)}






Chapter 5

Heteroscedastic Nested Error
Regression Models

5.1 Introduction

5.1.1 Nested error regression model

In some applications, unit level data can be available. For such a case, Battese et al. (1988)
suggested the nested error regression (NER) model described as

yijzmgjﬁjuvﬁsij, i=1,...,m, j=1,...,n (5.1)

where y;; is the observed response value, x;; is a vector of associated covariates, n; is the
area sample size which is typically small, v; and ¢;; are the random effect and sampling error.
Here it is assumed that v; and €;; are mutually independent and they hold E[v;] = E[e;;] = 0,
Var(v;) = 72 and Var(g;;) = o2, noting that the normality is often added for these variables.
The model (5.1) can be regarded as the random intercept model in the general linear mixed
model, and the model (5.1) is also useful in biological experiments and econometric analysis.
The typical purpose in (5.1) is the estimating (predicting) area-specific quantity u; = ¢!3+v;,
and it is well-known that the best linear predictor (BLP) has the form

n,-7'2

where y; = ni_l Z;”:l yij and x; = ni_l Z;”:l x;; are the sample means in the ith area, and
¢ = (B',72,0%)! is the model parameters in (5.1). To use the BLP in practice, we need to
estimate the unknown parameter ¢ from the data, and several estimator including maximum
likelihood estimator and the moment estimator have been suggested. Then the empirical
best linear unbiased predictor (EBLUP) is obtained as pi; = ﬁl(yz,ab) Typically, it holds
i — f; — 0 as m — oo if a is a consistent estimator of ¢.

From (5.1), it follows that Var(y;;) = 72 + o2, which means that the variances of the
observations are equal over all areas. Though Battese et al. (1988) applied the NER model to
crop data in Iowa counties, Jiang and Nguyen (2012) illustrated that the within-area sample
variances change dramatically from small-area to small-area for the data. This motivate us
to extend the traditional NER model to cases with heteroscedastic variances.

71
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5.1.2 Unstructured heteroscedastic variances

Jiang and Nguyen (2012) proposed the heteroscedastic nested error regression (HNER) model
by assuming v; ~ N(0,A0?) and &;; ~ N(0,02) in (5.1). In their model, the number of
parameters diverges as m — 0o, namely Neyman-Scott problem is occurred. However, they
showed that the maximum likelihood estimators of A and 3 obtained as the minimizer of the
negative profile log-likelihood function without irrelevant constants Q(3, \) given by

m

Q(B,A) Z{nz log(s ) +10g(1+n1)‘)}>

=1

with

ng

1 A
2 _ B t 2\2 ot a2
8 = ni ;(?ng — Ly )" — 1+ ni/\(yz —z;3) )

are consistent as m — oo although heteroscedastic variances 01-2

pointed out that BLP given in (5.2) can be rewritten as

L
which are free from o?. Therefore, EBLUP is asymptotically equivalent to BLP as m — oo
even though a? is inconsistent.

For measuring uncertainty of EBLUP, the mean squared errors (MSE) are often used in
small area estimation, which is defined as MSE; = E [(ﬁl — ui)2]. In the model by Jiang and
Nguyen (2012), it was shown that

are inconsistent. They also

_ \o?
B [(f - )] = 1+Un-/\’

Which depends on 01-2 . Hence, the asymptotically valid MSE estimator cannot be obtained
under unstructured heteroscedastic variances.

5.1.3 Random heteroscedastic variances

To overcome the inconsistency of the estimating heteroscedastic variances o2, Kubokawa et
al. (2016) suggested the following hierarchical random dispersion structure:

vi ~ N(0,\0?), eij ~N(0,02), o0 2~T(11/2,72/2),

where 71 and 79 are unknown parameters to characterize the randomness of heteroscedastic
variances a . Therefore the model parameters are 3, A and two dispersion parameter 71 and
79. Under the setting, they showed that BLP of p; is identical to that of Jiang and Nguyen
(2012). Due to the conjugacy of the inverse gamma distribution, the marginal distribution of
vy, is obtained in the closed form. Hence, they considered the maximum likelihood estimation
by maximizing the following function:

m
Q(B, A\, 11, m2) = m7ylog 7o + 22;10g1" (n’;ﬁ> — 2mlogT <%)
1=

—Zlog(l—km Z (n; + 71) log(R; + m2),
= =1
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where
"
d n2\

R ot 32 i
R; jz;(yw :Bz]ﬁ) 1+ m\

(i — iB)>.

They also proved that the maximum likelihood estimators are consistent, so that EBLUP is
asymptotically valid and consistent MSE estimator can be constructed. However, in simula-
tion studies, it has been revealed that the finite sample performances of the estimator of 7, 7o
tend to be unstable.

5.1.4 Heteroscedastic variances with variance functions

While these two heteroscedastic variance models are useful, the serious drawback of the two
models is that both require normality assumption for random effects and error terms, which
are not necessary satisfied in real application. Hence, the purpose of this paper is to address
the issue of relaxing assumptions of classical normal NER models toward two directions:
heteroscedasticity of variances and non-normality of underlying distributions.

In real data analysis, we often encounter the situation where the sampling variance Var(e;;)
is affected by the covariate x;;. In such case, the variance function is a useful tool for
describing its relationship. Variance function estimation has been studied in the literature in
the framework of heteroscedastic nonparametric regression. For example, see Hall and Carroll
(1989), Muller and Stadtmuller (1987) and Ruppert et al. (1997). Thus, in this paper, we
propose the use of the technique to introduce the heteroscedastic variances into the NER model
without assuming normality of underlying distributions. The variance structure we consider
is Var(y;;) = 72 —i—a?j, namely, the setup means that the sampling error €;; has heteroscedastic
variance Var(g;j) = U?j. Then we suggest the variance function model given by 02-2]- = 02(z§j'7),
where the details are explained in Section 5.2. In terms of modeling the heteroscedastic
variances with covariates, the generalized linear mixed models (Jiang, 2006) are also the
useful tool. The small area models using generalized linear mixed models are investigated in
Ghosh et al. (1998). However, the generalized linear mixed model requires strong parametric
assumption compared to the heteroscedastic model without assuming underlying distributions
proposed in this paper. Hence, the generalized linear mixed model seems still restrictive while
it is an attractive method for modeling heteroscedasticity in variances.

In this paper, we propose flexible and tractable HNER models without assuming normality
for either v; nor €;;. The advantage of the proposed model is that the MSE of the EB or
EBLUP and its unbiased estimator are derived analytically in closed forms up to second-order
without assuming normality for v; and g;;. Most estimators of the MSE have been given
by numerical methods such as Jackknife and bootstrap methods except for Lahiri and Rao
(1995), who provided an analytical second-order unbiased estimator of the MSE in the Fay-
Heriot model. Hall and Maiti (2006b) developed a moment matching bootstrap method for
nonparametric estimation of MSE in nested error regression models. The suggested method
is actually convenient but it requires bootstrap replication and has computational burden. In
this paper, without assuming the normality, we derive a closed expression for a second-order
unbiased estimator of the MSE using second-order biases and variances of estimators of the
model parameters. Thus our MSE estimator does not require any resampling method and is
convenient in practical use. Also our MSE estimator can be regarded as a generalization of
the robust MSE estimator given in Lahiri and Rao (1995).
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In Section 5.2, we describe the proposed HNER model with variance functions, and provide
the moment method for estimating model parameters without assuming normality for both
random effects and error terms. We also derive some asymptotic properties of the proposed
estimator. In Section 5.3, we consider the problem of predicting u;, and derive BLP and
EBLUP. Moreover, a second order unbiased estimator of MSE is constructed in the analytical
way. We then present some numerical studies and an application to real data set in Section
5.4. All technical proofs are given in Section 5.5.

5.2 HNER Models with Variance Functions

5.2.1 Model settings

Suppose that there are m small clusters, and let (yi1,®i1), - ., (Yin;, Tin;) be the pairs of n;
observations from the i-th cluster, where x;; is a p-dimensional known vector of covariates.
We consider the heteroscedastic nested error regression model

yij:xﬁjﬁ—i—vi—i—eij, j=1....n4 t=1,....m, (5.3)

where B is a p-dimensional unknown vector of regression coefficients, and v; and ¢;; are
mutually independent random variables with mean zero and variances Var(v;) = 72 and
Var(ej;) = U?j, which are denoted by

v; ~ (0,7%) and g ~ (0,02-2]-). (5.4)

It is noted that no specific distributions are assumed for v; and €;;. It is assumed that the
heteroscedastic variance 01-2]- of g;; is given by
2 2 :

o =0 (ziy), i=1,...,m, (5.5)
where z;; is a g-dimensional known vector given for each cluster, and v is a g-dimensional
unknown vector. The variance function o2(-) is a known (user specified) function whose
range is nonnegative. Some examples of the variance function are given below. The model
parameters are 3, 72 and ~, and the total number of the model parameters is p + g + 1.

Let y; = (i1, -+, ¥in,)'5 Xi = (i1, ., xin,;)" and € = (g1, ... ,€in;)"- Then the model
(5.3) is expressed in a vector form as

Yy, =XiB+vl, +e€, i=1,...,m,
where 1,, is an n x 1 vector with all elements equal to one, and the covariance matrix of €; is
% = Var(y,;) = 7, + Wi,

for Jp, = 15,1}, and W; = diag(c?, ... ,afni). It is noted that the inverse of 3; is expressed
as

2J -W-_l
2;1 p— W;l I’I’LZ - T i n; L —92 )
1472 > il 0y

where W ;1 = diag(aiQ,...,ai_nQi). Further, let y = (yi,...,95), X = (X4,..., X%,
e=(el,....€) and v = (v11},,..., 0,1}, ). Then, the matricidal form of (5.3) is written

as y = XB+4wv+e, where Var(y) = ¥ = block diag(X, ..., 3,,). Now we give three examples
of the variance function 02(zfj'y) in (5.5).
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(a) In the case that the dispersion of the sampling error is proportional to the mean, it is
reasonable to put z;; = x(4);; and aQ(w’Es)ij'y) = (a:l(ts)ij’y)2 for a sub-vector @ ,);; of the

covariate x;;. For identifiability of -y, we restrict v > 0.

(b) Consider the case that m clusters are decomposed into ¢ homogeneous groups S, ..., S
with {1,...,m} =51 U...US,. Then, we put

zij = (1{1'651}7 ey 1{i€5q})t,

which implies that
Uizj =42 for i€S;.

Note that Var(y;;) = 72 + 47 for i € S;. Thus, the models assumes that the m clusters
are divided into known ¢ groups with their variance are equal over the same groups.
Jiang and Nguyen (2012) used a similar setting and argued that the unbiased estimator
of the heteroscedastic variance is consistent when |Sx| — oo,k = 1,...,q as m — oo,
where |Sk| denotes the number of elements in Sy,.

(¢) Log linear functions of variance were treated in Cook and Weisberg (1983) and others.
That is, log a?j is a linear function, and afj is written as o (z%’y) = exp(zﬁj’y). Similarly
to (a), we put z;; = (4);;-

For the above two cases (a) and (b), we have o?(z) = 22, while the case (c) corresponds
to log{o?(z)} = z. In simulation and empirical studies in Section 8.4, we use the log-linear
variance model. As given in the subsequent section, we show consistency and asymptotic
expression of estimators for ~ as well as 3 and 72.

5.2.2 FEstimation

We here provide estimators of the model parameters 3, 72 and 4. When values of 4 and 72
are given, the vector 3 of regression coeflicients is estimated by the generalized least squares
(GLS) estimator

m -1 m
A B(ﬂv)=<Xt2‘1X>‘1Xt2—1y=<2X§2ilxi) > Xz My, (5.6)
i=1 i=1

This is not a feasible form since v and 72 are unknown. When estimators 72 and ¥ are used
for 72 and , we get the feasible estimator 3 = 3(72,7) by replacing 72 and ~ in 3 with their
estimators.

Concerning estimation of 72, we use the second moment of observations Y;j’s. From model
(5.3), it is seen that

E [(yij — z;B)°] = 7% + o”(25;77). (5.7)

Based on the ordinary least squares (OLS) estimator Bgrg = (X'X) ' X'y, a moment esti-
mator of 72 is given by

7= %Z > {(yij —@l;Bos)” — UQ(Z%'Y)} ’ (5-8)

i=1 j=1
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with substituting estimator 4 into =y, where N = >"7", n;.
For estimation of v, we consider the within difference in each cluster. Let 3; be the sample
mean in the i-th cluster, namely 7; = n, —1 Zm 1 Yij- It is noted that for & = n; —1 Z] 1Eijs
yij — T = (xij — 2:)' B+ (635 — &),

which dose not include the term of v;. Then it is seen that
_ _ 2 _
E [{ym — Ui — (mij — :)'B} } = (1-2n; ) zﬂ' i ZU Zin);

which motivates us to estimate v by solving the following estimating equation given by

m n;

N Z Z [{ym Yi (wij - i:i>t//6\OLS}2 - (1 - an_l) Z]')’ -n - ZU Zh’y

=1 j=1

Zij = 07

which is equivalent to
m ng N 2
N Z > [{yu i — (x5 — «’i‘i)tﬁom} zij — o2 (25y) (zij — 20, 245 + "%_lzz')] =0 (5.9)
=1 j=1
where z; = n;l 271:1 z;j. 1t is noted that, in the homoscedastic case with UQ(ZE]-’Y) = &2,
the estimators of 62 and 72 reduce to the estimators identical to the Prasad-Rao estimator
(Prasad and Rao, 1990) up to the constant factor.

Note that the function given in the left side of (5.9) does not depend on 3 and 72 and
the estimator of 72 does not depend on 3 but on v. These suggest the simple algorithm for
calculating the estimates of the model parameters: We first obtain the estimate 4 of v by
solving (5.9), and then we get the estlmate 72 from (5.8) with v = 4. Finally we have the
GLS estimate 3 with substituting 4 and 72 in (5.6).

5.2.8 Large sample properties

In this section, we provide large sample properties of the estimators given in the previous
subsection when the number of clusters m goes to infinity, but n;’s are still bounded. To
establish asymptotic results, we assume the following conditions under m — co.

Assumption 5.1.

(A1) There exist bounded values n and T such that n < n; < m for i = 1,...,m. The
dimensions p and q are bounded, namely p,q = O(1). The number of clusters with one
observation, namely n; = 1, is bounded.

(A2) The variance function o*(-) is twice differentiable and its derivatives are denoted by
(e2)D () and (62)P)(.), respectively.

(A3) The following matrices converge to non-singular matrices:

m N m. NG
-1 t -1 —1 ytya
m g g ZijZij, g E Z]’y Zijz U, m XXX
i=1 j=1 i=1 j=1

fora; =1,2 and as = —1,0, 1.
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(A4) E[vi|*T¢] < 0o and E[|e;;|¥T¢] < oo for 0 < ¢ < 1.

(A5) For all i and j, there exist 0 < c1,¢1 < oo and bounded values ca,¢3 such that ¢; <
UZ(Z%")’) < e oand ¢ < (02)(k)(z’;ij’y) < ¢ with k = 1,2 on the neighborhood of the true
values.

The conditions (A1) and (A3) are the standard assumptions in small area estimation. The
condition (A2) is also non-restrictive, and the typical variance functions o?(z) = z? and
0%(z) = expx obviously satisfy the assumption. The moment condition (A4) is used for
deriving second-order approximation of MSE of the EBLUP discussed in Section 5.3, and it
is satisfied by many continuous distributions, including normal, shifted gamma, Laplace and
t-distribution with degrees of freedom larger than 9. The three examples given in Section
5.2.1 satisfy the condition (A5).

In what follows, we use the notations
Uizj = 0'2(2%")’), J?J(k) = (U )(k)( 1]7) k= 172
for simplicity. To derive asymptotic approximations of the estimators, we use the following
notations in the i-th cluster:

Ui = 77 Z { Yij — ”LJB 7-2} ) (5.10)

ng

m _ _ 2 _ 1=
U2i = 37 > [{yw =0 — (@i — %) BY zij — o (2i5 — 207 ' zij + 07 Z0) | (5.11)
j=1
with

—1

m Nk m Nk

Z Z Okh(1)Zkh> T2 E Z Okh(1 Zkh — 2n;1zkh + n,;lzk)zzh

k=1 h=1 k=1 j=1
(5.12)

Note that T1(y) = O(m) and T(vy) = O(m~!) under Assumption 5.1. Then we obtain the
asymptotically linear expression of the estimators.

Theorem 5.1. Let (?S

(B 7,72 ) be the estimator of ¢ = (B',~v*,72)t. Under Assumption
5.1, it holds that ¢ =

(o) Op(m ) with the asymptotically linear expression
~ 1 & _
¢—d=—> (W) @) 0]) +op(m™'/?),

m <
=1

where

_ -1 — r
PP =m (X'TTIX) T X7y — XuB), ) = NTo(y)usi, o7 = uri — T1(7)! Ta(v)uai.
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From Theorem 5.1, it follows that m!/ 2((75 — ¢) has an asymptotically normal distribution
with mean vector 0 and covariance matrix m€Q, where Qisa (p+qg+1) X (p+ g+ 1) matrix
partitioned as

mQpp MQey M, Lo (B BT Bl
m= | mY, myy My | = Jim — > BT ER] By
my, MY, mQys =\ Bleref] Bl ElTe]

It is noticed that Elui;(yi; — w% )] = 0 and Elug;(yij — wﬁj )] = 0 when y;; are normally
distributed. In such a case, it follows 25, = 0 and €23, = 0, namely 3 and ¢ = (4, 72)t are
asymptotically orthogonal. However, since we do not assume the normality for observations
Yi;’s, B and ¢ are not necessarily orthogonal.

The asymptotic covariance matrix m&2 or £ can be easily estimated from samples. For

example, mQgg = limy, oo m™ >0, E[Q/)f%ﬂt] can be estimated by

o LN~ 8P
mSdgs = — > WUl
i=1

—

where wiﬁ is obtained by replacing unknown parameters ¢ in wiﬁ with estimates aﬁ It is noted
that the accuracy of estimation is given by

Qpp = Qg + op(m™),

from Theorem 5.1 and £ = O(m™!). The estimator £ will be used to get the estimators of
mean squared errors of predictors in Section 5.3.

We next provide the asymptotic properties of conditional covariance matrix given in the
following corollary where the proof is given in Section 5.5.

Corollary 5.1. Under Assumption 5.1, fori=1,...,m, it follows that

E((®-¢) o9

vi) = @+ ely;)o(m ™), (5.13)
where c(y;) is the fourth-order function of y;, so that Elc(y;)| < oo under Assumption 5.1.

This property is used for estimation and evaluating the mean squared errors of EBLUP
discussed in the subsequent section. Moreover, in the evaluation of the mean squared er-
rors of EBLUP and the derivation of its estimators, we need to obtain the conditional and
unconditional asymptotic biases of the estimators ¢.

Let bg) (y,), b(vl ) (y;) and bt (y;) be the second-order conditional asymptotic biases defined
as

E[B — Bly) =b3 (y,) + op(m™Y), ERF —ly;] = b5 (y;) + 0p(m ™),
E[? - 7y;] = b9 (y,) + op(m™1).
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In the following theorem, we provide the analytical expressions of bg) (y,), b.(yi )(yl) and b(Ti) (y;)-

Define bg, b and b; by

q m
R o 2t TR,
s=1 k=1

+ 3 XS, S X k(R — ﬂm}

by =Ts(v) [2 > ol {tr (BxZrEr Xk [VoLs X} — (X' X)X 3]) },
k=1
m (5.14)
=D 2nTk (2 — 2 2y g lzk)tﬂw%j] !
k=1 j=1
and
m Nk
N 22%(1 2} ;by Ztr {(X'X) ' X2 X}
k 14=1
m Nk
- Z Zak] zkjﬂ,wzk] N Ztr X XkVOLs)
k 1j=1 k=1

where E, = I,,, — n; ' Jn,, Vors = (X' X) ' X'SX(X' X)L, Zy, = diag(zkir, - - - Zkngr)
for r-th element zj, of zyj, Qg+, for a € {1,71,...,7,} and W are defined in the proof
of Theorem 5.2, and col{a,}, denotes a g-dimensional vector (ay,...,a,)". It is noted that
bz, b, b, are of order O(m~1). Now we provide the second-order approximation to the con-
ditional asymptotic bias.

Theorem 5.2. Under Assumption 5.1, we have

7 _ —1 _ i
by () = (X'S7'X) 7 XISy, — XaB) + b, Y (y:) = Ta(v)uz + by

D) — s — L (T Y (5.15)
b’]’ (yz)_m U1q m T1(7) T2(")’>’U;21—|—b7—,

where bg)( i) b.(yi) (y;) and p? (y;) are of order Op(m™1), and wy; and ug; are given in (5.10)
and (5.11), respectively.

From the above theorem, we immediately obtain the unconditional asymptotic bias of the
estimators ¢ by taking expectation with respect to y; given in the following Corollary.

Corollary 5.2. Under Assumption 5.1, it holds that

Eld — ¢] = (b, bl b)) + o(m™1),

where bg, by and by are given in (5.14).
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5.3 Prediction and Risk Evaluation

5.3.1 Empirical predictor

We now consider the prediction of
Hi = Cﬁﬂ =+ g,

where ¢; is a known (user specified) vector and v; is the random effect in model (5.3). The
typical choice of ¢; is ¢; = @; which corresponds to the prediction of mean of the i-th cluster.
A predictor fi(y;) of u; is evaluated in terms of the MSE E[(fi(y;) — i;)?]. In the general forms
of fi(y;), the minimizer (best predictor) of the MSE cannot be obtain without a distributional
assumption for v; and €;;. Thus we focus on the class of linear and unbiased predictors, and
the best linear unbiased predictor (BLUP) of p; in terms of the MSE is given by

i = ciB+ 1,3 (y; — XiB).
This can be simplified as
Nz = Ct,B + Z /\ZJ Yij — 1316)

7=1

where \;; = 72052771._1 for n; = 1+ 72 Yo 101h2 In the case of homogeneous variances,

namely O'izj = 42, it is confirmed that the BLP reduces to fi; = ciB + \; (gl — ifﬂ) with
i = n;72(6%2 +n;72) L. The BLUP is not feasible since it depends on unknown parameters (3,

~ and 72. Plugging the estimators into fi;, we get the empirical best linear unbiased predictor
(EBLUP)

g
I S T 519

for . ni =147 Zh 1 alh In the subsequent section, we consider the mean squared errors
(MSE) of EBLUP (5.16) without any distributional assumptions for v; and &;;.
5.8.2  Second-order approximation to MSE

To evaluate uncertainty of EBLUP given by (5.16), we evaluate the MSE defined as MSE;(¢) =
E [(fi — pi)?] for ¢ = (v*,72)". The MSE is decomposed as

MSE;(¢p) = E [(fis — fii + [ii — p)°]
= E[(f1 — ma)?] + B [ — 1)?] + 2B (71 — i) (71 — i) -

From the expression of ji;, we have

n;g n;
E )\ij —1 U; + E )\ijgijy
Jj=1 Jj=1

which leads to
2

Rii(¢) = E (i — i)?] = ixij 1| 7+ ZAU o =1 . (5.17)

J=1
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For the second term, however, we cannot obtain an exact expression, so that we derive
the approximation up to O(m~1). Using the Taylor series expansion, we have

o\t ~
= () G-0)+36-0) (] )G-0. 619
where ¢* is on the line between ¢ and $ The straightforward calculation shows that
~ n;
8#1 Z)\wm”, ﬁ,ul _2 Zaw ij (Yij — ﬁj,@), gﬁ; = 771‘_2 ZU%Q(%J’ — wﬁj:@)v
~ (5.19)
where
0ij =T Zalh Tih(1)Zih — 72 e o2 T3i(1)Zij-

Then each element in 0%/ 8¢>8¢>t is a linear function of y,. Hence under Assumption 5.1,
using the similar arguments given in Lahiri and Rao (1995), we can show that

E (11 — 111)*] = Rai(¢) +o(m™), (5.20)
where the detailed proof is given in Section 5.5, and
t

Rayi(9) = 20—25 Q. 20—25 +1714Za_25tﬂ 8ij

t

+ 2771_‘3 Z 0%26’;3»977 + T}i_g Z 0'2-32977— + | c — Z )\ijacij ngﬂ c;, — Z )\ijwij
=1 =1 i—1 i—1
(5.21)

which is of order O(m™!). All the evaluations of the residual terms appeared in this paper
can be done by the similar manner, and detailed proofs will be omitted in what follows.

We next evaluate the cross term E [(1; — f;)(f; — p;)]. This term vanishes under the
normality assumptions for v; and €;;, but in general, it cannot be neglected. As in the case
of Ry;, we obtain an approximation of E [(1i; — fi;)(ji; — pi)] up to O(m™1). Noting that

n;
i — i = Z)\ij -1 w-l-z)\ijf:‘ij = w;,

Jj=1 Jj=1

and using the expansion (5.18), we obtain
Y L 0% [ii
B (i i) i — )] = 38 |@-or (

2| (%) - opw sl )@

Using the expression of (5.19) and Corollary 5.1, the straightforward calculation (whose details
are given in Section 5.5) shows that

O [ii
dpoe’

Ra@) = 38 |G- o)
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under Assumption 5.1. Moreover, from Theorem 5.2, we obtain

~ N\t
B |(92) @ dyus| = Ras(.m) + o),
for
m ng -1
R31i(d, K —771220_25t (ZZ% zkhzkh> Myii(¢, k)
- \i=liel (5.92)
+m_177{220¢}2{Mm(¢, ) — T (7)!Ta(y) Moz (. m>},

j=1

where

Miij(¢, &) = mN "7’ -‘1{nn2<3 — ko) + o (re —3)

M (¢, k) = mN 7207 g (n; — 1) (ke — 3)07; 245,
and Ky, ke are defined as E(v}) = k,7* and E(Efj) = mgofj, respectively, and K = (ky, ke )l
The derivation of the expression of R31;(¢, k) is also given in Section 5.5. From the expression
(5.22), it holds that R31;(¢, k) = O(m™1).

Under the normality assumption of v; and ¢;;, we immediately obtain My;; = 0 and
M;; = 0 since k = (3,3)t. This leads to R3; = 0, which means that the cross term does
not appear in the second-order approximated MSE, that is our result is consistent to the
well-known result.

Now, we summarize the result for the second-order approximation of the MSE.

Theorem 5.3. Under Assumption 5.1, the second-order approzimation of the MSE is given
by
MSE;(¢) = Ri1i(¢) + Rai() + 2Rs315(¢p, &) + o(m ™),

where Ry;i(¢p), Rai(¢) and Rs1i(¢, k) are given in (5.17), (5.21) and (5.22), respectively, and
Rii(¢) = O(1), Rai(¢) = O(m™") and Rsii(¢, k) = O(m™1).

The approximated MSE given in Theorem 5.3 depends on unknown parameters. Thus,
in the subsequent section, we derive the second-order unbiased estimator of the MSE by the
analytical and the matching bootstrap methods.

5.3.3 Analytical estimator of the MSE

We first derive the analytical second-order unbiased estimator of the MSE. From Theorem 5.3,
Rai() is O(m™1), so that it can be estimated by the plug-in estimator RQi((/l’;) with second-
order accuracy, namely E[Rgl(?b)] = Ryi(¢p) +o(m™1). For R31;(¢, k) with order O(m™1), if a
consistent estimator K is available for k, this term can be estimated by the plug-in estimator
with second-order unbiasedness. To this end, we construct a consistent estimator of k using
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the expression of fourth moment of observations. The straightforward calculation shows that

Z {yz] 71 mzy i)tﬁ}4

2

= wen; H(n; — 1)(ni — 2)(n? —n; — 1) ZU% +3n;%(2n; — 3) Zagj _ZU%
j=1 j=1 j=1
whereby we can estimate k. by
2
1 m n; R n; n;
] (R R R A T LR R A DI IR S

i=1 | j=1 j=1 j=1

(5.23)

where N* = n; 4(n; — 1)(n; — 2)(n? —n; — 1) Yo ol 4 and 3 is the feasible GLS estimator of
B. For k,, it is observed that

4
FE [(yij —azfj ) ] :T4HU—|—67' +/€5 137

which leads to the estimator of k, given by

L1 Y 2V o o
Fo= g 20 2 (10— #Boss) "~ 6798 ~ 77 | 520

i=1 j=1

From Theorem 5.1, it immediately follows that the estimators given in (5.23) and (5.24) are
consistent. Using these estimators, we can estimate Rsy; by Rgli((/[), K) with second-order
accuracy.

Finally, we consider the second-order unbiased estimation of R1;. The situation is different
than before since Ry1; = O(1), which means that the plug-in estimator Rh-(cAﬁ) has the second-
order bias with O(m™1). Thus we need to obtain the second-order bias of Ry;(¢) and correct
them. By the Taylor series expansion, we have

OR1; ()
o'

O*Ryi ()
0Ot

115@) = 1l9) + (PP G- 9+ 50— 0 (L)) (G- 00+ 0401 - 01

Then, the second-order bias of Rli(a)) is expressed as

E[R1i(¢)] — Rii(¢)

(P09 53 (25 13- 7)o

(312;5@) b+ L { (3;?5;@) n¢} +o(m™),
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where 24 is the sub-matrix of 2 with respect to ¢, and by, is the second-order bias of qAb given
in Corollary 5.2. The straightforward calculation shows that

ORi(P) 5 ORu(d) _ 2,2 ORui(¢p)

o il\Q) o, 2 -3 -2
o712 =7 8’7 - M Mi(1)s 972972 27 (7]1 n; )7
0?Ri1i(¢) —3 9*Rii(¢) 2 -3 ¢
Toyor? T e = T ()i )
where
_ On; o 2 G —4 2 B _ 771 2 -2 4 2 —4_ _t
i) = oy Z%’ Tij1)%is Mi2) = dyoyt Z (2" 9(2)) Tij ZijZij

J=1

Therefore, we obtain the expression of the second-order bias given by

Bi(#) = = 770 ia)by + 0 *br = 207 ) Qe 72 (0 = 70
_ 1
+ 70 {775(1)9777%(1) — MitT (771*(2)Qw>} ;

with Bj(¢) = O(m™'). Noting that B;(¢) can be estimated by B;(¢) with E[B;(¢)] =
Bi(¢) + o(m™!) from Theorem 5.1, we propose the bias corrected estimator of Ry; given by
Ryi(¢)" = Rui(¢) — Bi(),
which is second-order unbiased estimator of R;;, namely
E[R1i($)"] = Rii(@) + o(m ™).

Now, we summarize the result for the second-order unbiased estimator of MSE in the following
theorem.

(5.25)

Theorem 5.4. Under Assumption 5.1, the second-order unbiased estimator of MSE; is given
by
MSE; = R1:(¢)" + Rai(¢) + 2R31:(¢, R),

that is, E [ATSTE} — MSE; + o(m™1).

It is remarked that the proposed estimator of MSE does not require any resampling meth-
ods such as bootstrap. This means that the analytical estimator can be easily implemented
and has less computational burden compared to bootstrap. Moreover, we do not assume
normality of v; and €;; in the derivation of the MSE estimator as in Lahiri and Rao (1995).
Thus the proposed MSE estimator is expected to have a robustness property, which will be
investigated in the simulation studies.

5.4 Numerical Studies

5.4.1 Model based simulation

We first compare the performances of EBLUP obtained from the proposed HNER with vari-
ance functions (HNERVF) with several existing models in terms of simulated mean squared er-
rors (MSE). We consider the conventional nested error regression (NER) model, heteroscedas-
tic NER model given by Jiang and Nguyen (2012) referred as JN, and the heteroscedastic NER
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with random dispersions (HNERRD) proposed in Kubokawa et al. (2016). In applying the
NER model, we use the unbiased estimator for variance components given in Prasad and Rao
(1990) to calculate EBLUP. Further, we also consider the following log-link gamma mixed
(GM) models as the competitor from the generalized linear mixed models, which also al-
lows heteroscedasticity for the variances as the quadratic function of means. We used glmer
function in 1me4 package in ‘R’ to apply the GM model.

In this simulation study, we set m = 20 and n; = 8 in all cases, and we compute the
simulated MSE in 10 scenarios denoted by S1,...,510. The simulated MSE for some area-
specific parameter p; is define as

R
1 (r r
MSE; = S (@ - )2, (5.26)

r=1

where R = 5000 is the number of simulation runs, ,ZIET) is the predicted value from some models

and /%m is the true values in the r-th iteration. In all scenarios, we generate covariates x;;’s
from the uniform distribution on (0,1), which are fixed in simulation runs. From S1 to S3,

we consider the heteroscedastic model with area-level heteroscedastic variances given by
S1~8S3: yij = Bo+ Sz +vi+eij, vi~ (0,77), ey~ (0,07), pi=PFo+uvi

where 02 = exp(0.8 — 2;) and (8o, B1,7) = (1,0.5,1.2). We generate z;’s from uniform distri-
bution on (—1, 1), which are fixed in simulation runs. The scenarios S1, S2 and S3 correspond
to the cases where the distributions of both v; and ¢;; are normal, ¢ with 6 degrees of freedom,
and chi-squared with 5 degrees of freedom, respectively, noting that both t-distribution and
chi-squared distribution are scaled and located to meet the specified means and variances.
For S4, we consider the homoscedastic model given by

S4:  yij=Bo+ Bizij +vi + ey, vi ~N(0,72), eij ~ N(0,0%), =B+ v,

with (8o, 51, 7,0) = (1,0.5,1.2,1.5). In S5 and S6, we use the heteroscedastic model with
unit-level heteroscedastic variances given by

85,86 : wij = Bo + Brzij + vi +eij, vi~ N(0,7%), e ~ N(0,03), pi = Bo+vi,

where O'?j = exp(0.8 — z;;) in S5 and J?j ~ I'(5,5/ exp(0.8 — z;;)) in S6. For S7 and S8, we

consider the mixed model of the form

S7,S8: wyij = exp(Bo + frxij +vi)eij, i = exp(Bo + vi),

where v; ~ N(0,72), &;; ~ I'(3,3) and (8o, 81,7) = (0.5,1,0.3) in S7, and v; ~ t6(0,72),
gij ~ SLN(1,0?), and (8o, B1,7,0) = (1.2,0.6,0.4,0.4) in S8, noting that t¢(a, b) denotes the
t-distribution with 6 degrees of freedom with mean a and variance b and SLN (a,b) denotes
the scaled log-normal distribution with mean a and variance b. Hence, S7 corresponds to the
gamma mixed model with log-link function and S8 corresponds to its misspecified version.
Finally, S9 to S10 are the mixed models defined as

Sg . yij = (ﬂo + ﬂlxij + Ui)28¢j, V; ~ N(O,T2), Eij ~ SLN(170'2), My = (50 =+ Ui)z
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with (8o, 51, 7,0) = (1,0.6,1.5,0.5), and
S10: y;; = {exp(Bo+Przij) +viteis, vi ~ N(0,7%), &5~ SLN(1,0%), p; = exp(Bo)+ui,

with (Bo, 81, 7,0) = (1,0.3,1.2,0.5). It is noted that both S9 and S10 are also heteroscedastic
model in the sense that Var(y;;) depends on w;;.

Under the 10 scenarios described above, we compute the simulated MSE values of pre-
dictors from five methods (HNERVF, HNERRD, NER, JN and GM) in each area. Since
we can apply GM only to the data with positive y;;’s, the MSE values of GM model are
calculated from S7 to S10. In Table 8.1, we show the mean, max and min values of MSE
over all areas for each model and scenario. From S1 to S3, it is observed that HNERVF
performs better than the other models, and NER model performs worst since the true model
is heteroscedastic. In S4, NER model performs best among four models since NER model is
the true model and other HNER models are overfitted. It is also interesting to point out that
the inefficiency of the prediction of JN is more serious than that of HNERVF and HNERRD.
As in S5 and S6, the heteroscedastic variances are unit-level, the amount of improvement of
HNERVF over other models gets greater. The scenario S7 corresponds to GM model, so that
it is reasonable that MSE of GM is smallest among five models. The scenario S8 is not GM
model but it is still close to GM model, in which GM model works well compared to the other
models. However, once GM is seriously misspecified as in S9 and S10, GM does not work very
much because of its somewhat strong parametric assumption. From S8 to S10, all models
are misspecified, but HNERVF model works well compared to other models. Therefore, it is
natural that HNERVF performs best when HNERVF is the true model, but even in case that
HNERVF is misspecified, HNERVF also works reasonably well owing to its flexible structure
of the model.

5.4.2  Finite sample performances of the MSE estimator

We next investigate the finite sample performances of the MSE estimators given in Theorem
5.4. To this end, we consider the data generating process given by

Yij = Bo + Bizij + vi + i, v ~ (0,7%),  eij ~ (0,exp(o + Y12i5))

with 8o = 1,81 =08, 7= 1.2, 79 = 1 and y; = —0.4. Moreover, we equally divided m = 20
areas into 5 groups (G = 1,...,5), so that each group has 4 areas and the areas in the same
group has the same sample size ng = G+3. Following Hall and Maiti (2006b), we consider five
patterns of distributions of v; and ¢;;, that is , M1: v; and ¢;; are both normally distributed,
M2: v; and ¢;; are both scaled t-distribution with degrees of freedom 6, M3: v; and ¢;; are
both scaled and located x5 distribution, M4: v; are ¢;; are scaled and located x5 and —xs
distribution, respectively, and Mb: v; are ¢;; are both logistic distribution. The simulated
values of the MSE are obtained from (5.26) based on R = 10000 simulation runs. Then, based
on R = 5000 simulation runs, we calculate the relative bias (RB) and coefficient of variation
(CV) of MSE estimators given by

R R [ e 2
1 << MSE, = — MSE; 1 MSE, ' — MSE;

B; = E i v 2 _ — E i !
R ra MSE » OVi=g p

—— (1)

=
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Table 5.1: Simulated Values of MSE for Various Scenarios and Models

model S1 S2 S3 S4 S5 S6 S7 S8 S9 S10

HNERVF 0.368 0.370 0.371 0.311 0.280 0.293 0.269 0.619 0.198 0.376

HNERRD 0.383 0.383 0.387 0.310 0.341 0.379 0.285 0.641 0.259 0.369

mean NER 0.398 0.405 0.410 0.307 0.342 0.384 0.375 0.726 0.220 0.384

JN 0.386 0.392 0.396 0.324 0.357 0.392 0.292 0.684 0.318 0.385

GM — — — — — — 0.130 0.451 0.231 0.396

HNERVF 0.598 0.633 0.569 0.340 0.354 0.469 0.342 1.511 0.299 0.435

HNERRD 0.630 0.634 0.603 0.342 0.424 0.523 0.405 1.603 0.415 0.419

max NER 0.642 0.639 0.596 0.339 0.423 0.526 0.518 1.992 0.336 0.439

JN 0.634 0.643 0.618 0.372 0.445 0.545 0.426 1.834 0.532 0.441

GM — — — — — — 0.149 0.970 0.372 0.473

HNERVEF 0.138 0.145 0.150 0.272 0.202 0.196 0.205 0.398 0.142 0.297

HNERRD 0.156 0.157 0.166 0.272 0.254 0.255 0.219 0.408 0.142 0.302

min NER 0.173 0.177 0.202 0.269 0.256 0.256 0.286 0.442 0.152 0.305

JN 0.157 0.160 0.166 0.288 0.273 0.256 0.220 0.414 0.168 0.314

GM — — — — — — 0.104 0.335 0.168 0.309

where @ET) is the MSE estimator in the r-th iteration. In Table 5.2, we report mean and
median values of RB; and CV; in each group. For comparison, results for the naive MSE
estimator, without any bias correction, are reported in Table 5.2 as RBN. The naive MSE
estimator is the plug-in estimator of the asymptotic MSE (5.17), namely it is obtained by
replacing 72 and 4 in formula (5.17) by 72 and 7, respectively. In Table 5.2, the relative
bias is small, less than 10% in many cases. When the underlying distributions leave from
normality, the MSE estimator still provides small relative bias although it has higher coefficient
of variation. The naive MSE estimator is more biased than the analytical MSE estimator in
all groups and models, so that the bias correction in MSE estimator is successful.

5.4.3 Real data application

We now apply the HNERVF model together with HNERRD, NER, JN and GM models
considered in the simulation study in Section 5.4.1 to the data which originates from the
posted land price (PLP) data along the Keikyu train line in 2001. This train line connects
the suburbs in the Kanagawa prefecture to the Tokyo metropolitan area. Those who live in
the suburbs in the Kanagawa prefecture take this line to work or study in Tokyo everyday, so
that it is expected that the land price depends on the distance from Tokyo. The PLP data
are available for 52 stations on the Keikyu train line, and we consider each station as a small
area, namely, m = 52. For the i-th station, data of n; land spots are available, where n; varies
around 4 and some areas have only one observation.

For j =1,...,n;, yi; denotes the scaled value of the PLP (Yen/10000) for the unit meter
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Table 5.2: The Mean Values of Percentage Relative Bias (RB) and Coefficient of Variation
(CV) of MSE Estimator and Relative Bias of Naive MSE Estimator (RBN) in Each Group.

Group Measure M1 M2 M3 M4 M5

RB -8.72 -12.50 -10.86 -11.51 -11.81

G1 (A 17.48 23.60 23.47 23.40 21.24
RBN -12.67 -13.74 -13.10 -13.57 -13.39

RB -7.61  -9.72 -10.58 -10.57 -7.27

Go (A 17.52  23.24 2270 23.03 20.31
RBN -10.16 -12.66 -11.48 -11.33 -10.54

RB -7.89 -839 -7.65 -892 -6.34

Gs (A% 19.85 26.06 24.66 25.37 22.94
RBN -9.31 -943 870 -9.86 -7.58

RB -6.52  -4.74 -496 -5.65 -4.27

Gy (A% 22.02 28.37 26.93 27.68 24.98
RBN -10.83 -7.68 -7.98 -6.52 -6.42

squares of the j-th spot, T; is the time to take from the nearby station ¢ to the Tokyo station
around 8:30 in the morning, D;; is the value of geographical distance from the spot j to
the station ¢ and F'AR;; denotes the floor-area ratio, or ratio of building volume to lot area
of the spot j. The three covariates FFAR;;, T; and D;; are also scaled by 100,10 and 1000,
respectively. This data set is treated in Kubokawa et al. (2016), where they pointed out that
the heteroscedasticity seem to be appropriate from boxplots of some areas and Bartlett test for
testing homoscedastic variance. They used the PLP data with log-transformed observations,
namely logy;;, but we use y;; in this study since the results are easier to interpret than the
results from logy;;. In the left panel of Figure 7.1, we show the plot of the pairs (D;j, e;i;),
where e;; is OLS residuals defined as

eij = Yij — (Poors + FAR;;iB1.ors + Tif2,0ors + DijB3.0Ls)-

The figure indicates that the residuals are more variable for small D;; than for large D;;, and
the variances are exponentially decreasing with respect to D;;. Thus we apply the HNERVF
model with the exponential variance function given by

Yij = Bo + FARijBl + T;82 + -Dij,g,?, + v; + €34, (5.27)

where v; ~ (0,7%) and &;; ~ (0,exp(y0 + 71 D;j)). To compare the results, we also apply
HNERRD, NER, JN and GM models to the PLP data with the same covariates. In applying
NER model, we regard it as the submodel of HNERVF by putting v; = 0 and use the same
estimating method with HNERVF. The estimated regression coefficients from five models are
given in the Table 5.3. We first note that the conditional expectation of the GM model
is exp(Bo + FAR;jB1 + T;B2 + D;;f3 + v;), while that of other models has the liner form
Bo + FAR;jp1 + TiB2 + D;jf33 + v;. Hence the scale of the estimated coefficients of GM are
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different from those of other models. However, the signs of estimated coefficients are the same
over all models. The resulting signs are intuitively natural since the PLP is expected to be
decreasing as the distance between the spot and the nearest station gets large or the nearest
station gets distant from Tokyo station. Moreover, in HNERVF model, the estimated value
of 71 is 41 = —1.82, which is consistent to the observation from the left panel of Figure 7.1.
Using the result of Theorem 5.1, the asymptotic standard error of 77 is 0.492, so that 1 seems
significant.

We here consider to estimate the and price of a spot with floor-area ratio 100% and
distance from 1000m from from the station i, namely u;, = Bo + 51 + BT + B3 + v; of
HNERVF, HNERRD, NER and JN models, and yu; = exp(8o + 1 + B2T; + B3 + v;) of GM
model. In Figure 5.2, we provide the predicted values of pu; of each model. From the figure, we
can observe that all five models provides relatively similar predicted values, and the predicted
values tend to decrease with respect to the area index. This comes from the effect of T; since
T; increase as the area index increases.

We finally calculate the mean squared errors (MSE) of predictors. In JN model, the con-
sistent estimator of MSE cannot be obtained without any knowledge of grouping of areas
(stations) as shown in Jiang and Nguyen (2012). For GM models, the second-order unbiased
estimator of MSE is hard to obtain. Thus, we here consider the MSE estimator of HNERVF,
HNERRD and NER models. We use the analytical estimator given in Theorem 5.4 for HN-
ERVF and NER, and the parametric bootstrap MSE estimator developed in Kubokawa et
al. (2016) is used for HNERRD with 1000 bootstrap replication. We found that the esti-
mated MSE of HNERRD model is greater than 700 for all areas, while the estimated MSE of
HNERVF and NER models are smaller than 20. The estimated value of shape parameter in
dispersion (gamma) distribution in HNERRD is close to 2, which may inflate the MSE val-
ues. The estimated values of square root of MSE (RMSE) of HNERVF and NER models are
given in the right panel of Figure 5.1. It is revealed that the estimated RMSE of HNERVF
is smaller than that of NER in many areas. In particular, this is true in 37 areas among
52 areas. Especially, in the latter areas, it is observed that the amount of improvement is
relatively large.

Table 5.3: The Estimated Regression Coefficients in Each Model

model Bo b1 B2 B3

HNERVF 4231 281 -3.56 -0.661
HNERRD 3772 388 -3.24 -0.960
NER 33.35 6.58 -3.18 -0.832
JN 37.01 341 -2,59 -3.19
GM 3.63 0.168 -0.122 -0.039
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Figure 5.1: Scatter plot of OLS residuals against distance D;; (left) and estimated square

OLS residuals

60

40

20

CHAPTER 5. HETEROSCEDASTIC NESTED ERROR REGRESSION MODELS

2.0

Distance

3.0

3.5

estimated SMSE

4.0

3.5

3.0

25

— HNERVF
--- NER

root of MSE (RMSE) in the HNERVF and NER models (right).

Predicted values

30

area number

45

40
|

30
|

25
|

20
|

10
|

— HNERVF
---- NER

10

20

area

30

40

50

Figure 5.2: Predicted Values of p; in Each Model.

40

50




5.5. TECHNICAL ISSUES 91

5.5 Technical Issues

5.5.1 Proof of Theorem 5.1

Since yq, ..., ¥y,, are mutually independent, the consistency of 4 follows from the standard
argument, so that 72 and B are also consistent. In what follows, we derive the asymptotic
expressions of the estimators.

First we consider the asymptotic approximation of 72 — 72. From (5.8), we obtain

1 m  n; N R
:NZZ{(%J'_:B%IBOLS)Q_U@?]'}_7'2
i=1 j=1
m  n;
NZZ{ Yij — Z] - l]} T _72201] ’L] 7 v)
1= 1] 1 1= 1] 1
m  n; N R
—*ZZ vij — x;8)2;(Bovs — B) + 0p(F =) + 0p(Bors — B)
=1 j=1
m  n;

:%Z“ ZZ% JA =N +opm ) 40, =), (5:28)
=1

21]1

ij
Op(m=1/2) and N~1 377, > (yij — xlB) iy = O,(m~1/2) from the central limit theorem.
For the asymptotic expansion of 74, remember that the estimator 4 is given as the solution
of the estimating equation

where uy; = mN ! > ity {(ylj —x; )2 — o2 } — 72 and we used the fact that BOLS -B=

~ 2
N Z Z [{yw Ui — (w5 — fii)tﬁOLs} zij — 03(zij — 207 'z + 0y ' 2) | =0

11]1

Using Taylor expansions, we have

0=— Z Uz — Z {wij — 5i — (@ij — 2:)' B} zij (i — )" (Bors — B)
=1 j=1
m n;
BN Zzazg(l Zij — 27’L Zij+1n; Z’L) z](7 '7) + Op(ﬂy 7) to ( 1/2)7
=1 j5=1
where
uz; = mN~ ! Z [{yu Yi a:’bj ﬁ} Zij — (zz] Qni_lzij + ni_lzi) .

From the central limit theorem, it follows that

LSS g — i (g — )8} 2y — 20 = Oy,

i=1 j=1
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so that the second terms in the expansion formula is op(m_l/ 2). Then we get
~1

. N m ng 3 L m R B
F=v=— DD ohm(z = 2y zy oy B2y | Y uai+0p(F =) +op(m ™).
i=1 j=1 i=1

Under Assumption 5.1, we have

m n;
Z Zagj(l)(zij — 2ni_1zij + n;lii)z% = O(m).

i=1 j=1
From the independence of y4,...,y,, and the fact E(ug;) = 0, we can use the central limit
theorem to show that the leading term in the expansion of 4 — - is Op(m_l/ 2). Thus,
~ N - _ 1 _
T Z Zggj(l)<ziﬂ’ =207 2y + g )2 Zu% +0p(m~1/?%),
i=1 j=1 i=1

Using the approximation of y — and y—~ = Op(m_l/ 2), we get the asymptotic expression
of 72 — 72 from (5.28), which establishes the result for 72 and 7.

Finally we consider the asymptotic expansion of B — (3. From the expression in (5.6), it
follows that

- g N\ ! Nt
B-8=8-5+3(58) G-+ (5aB) &=+ T =) e -7
s=1 $

Since

0 0
WEZ:JHN T%ZZ:WZ(S% SZ]—u"‘an
for W) = diag(a?l(l)zils, .. ,Ufm(l)zmis), we have

%E = (x'='x)"! (Z X§2i1Jni2i1Xi> (E: - B) ,
) =1 (5.29)

8%ﬂ = (x'='x)"! (Z Xﬁzi—lwi(s)zi—lxi> (Bi — B) L s=1...,q,

i=1
where

m -1
B = (Z XﬁEilJni2i1X1-> Y XIZ Ty
i=1 i=1

—1

e m B 3 m 3 B

B, = (Z XIB7'W B0 D XIS WSy, s=1,.. 0.
i=1 =1

Under Assumption 5.1, we have B: -8 = O/p(mfl/Q) for a € {1,7,...,7}, whereby ,B* —B =
O,(m~1/2). Since 4 — v = Op(m~2) and 72 — 72 = O,(m~1/?) as shown above, we get

1/6\ - /8 = (th_lX)_l ZXZE_l(y’L — XlIB) + Op(m_1/2>7
=1

which completes the proof.
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5.5.2  Proof of Corollary 5.1

Let ¢ = (¢1,.. ., Ppiqr1)t = (B',~t, 72)t. Note that 1/}?’“, k=1,...,p+qg+1 does not depend
on Yq,--- Y 1:Yit1s-- -+ Yy and that y,, ..., y,, are mutually independent. Then,

1 m m
petcl | DO B DS

Jj=1 J=1

m

1 1
_ E bk, @ bk, P
Yil = 2 E[¢jk¢jl] +m2¢ik¢il

=15

o L fopot 2]

where Qy; is the (k,[)-element of Q and we used the fact that E[@Dfﬂyl] = E[z/)j)’“] = 0 for

j # i. Hence, we get the result from the asymptotic approximation of (75 given in Theorem
5.1.

5.5.83 Proof of Theorem 5.2.

We begin by deriving the conditional asymptotic bias of 4. Let 4 be the solution of the
equation

N ZZ [{ym Ui — (i — ;) ﬂ} Zij — J?j(zij — Zn;lzij + n;lzi) =0
i=1 j=1

with a?j = 0'2(2%'7). For notational simplicity, we use F' instead of F'(v;3) without any
confusion and F,,r = 1,...,q denotes the r-th component of F, namely F = (Fy,..., F,)".
Define the derivatives F'(q) and F,(qp) by

OF O%F,

Fla)= ggi Trian) = 5o507

It is noted that Fj,g,) = 0. Expanding F'(7; BOLS) = 0, we obtain

1 1
0:F+F( )(’Y 'Y)+F (ﬁOLS—,3)+§t1+§t2+0p(m71),

where t; = (ts1,...,ts),s = 1,2 for
tir = =)' Friy (=) tar = (Bors — B)' Friap) (Bors — B)-

It is also noted that

m Nk
Fy = _722‘7@ (1) (zkj — an Zgj+ 1y zk)zk]
k=1 j=1
m  ng
F(ﬁ - _7ZZ{y’W — Uk — wk] — Tg) :3} Zij wkz] - wkz)
k=1 j=1

so that F(.Y) is non-stochastic. Thus we have

EF =~y = —(F) " {E[F(’Y;ﬁ)’yi] +E {F(,B)(BOLS - B)

] + 3Byl + Bl | + oym )
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In what follows, we shall evaluate the each term in the parenthesis in the above expression.
For the first term, since yq,...,vy,, are mutually independent and E(usg;) = 0, we have

BIF(y: B)ly] = —uai

For evaluation of the second term, we define Zy, = diag(zpir, - .-, Zkn,r), Where 2z, denotes
the r-th element of z;;. Then it follows that
yi:|

yi:| S Y E [(yk — XiB) ErZi Er X 1(Bows — B)

E [FT(,B) (Bors — B)

N
k=1
2 i t 2 2 t 3
=—— Z E [(yk = XiB) ' ExZyrEr Xk (Bors — B) yz} - N(yi — XiB)'EiZiEi X E [BOLS -
k=1, ki

Noting that it holds for £ =1,...,m and k # i

E [(ye ~ XuB) (s — X1B)'

yz:| = 1y} Xk, EBovs — Blyi] = (XtX)_l Xi(y; — XiB),

.

=> tr {EkzkrEka(XtX)_lxiE [(ye — XB)(yy, — XiB)'
=1

= tr {(X'X) "' X[ ZpEr Z 1 Er Xk}

we have

E [(yk — X1.8)' Ex Z 1 Er X 1(Bors — 8)

ay

which is O(m~!) and

1 3 —
N(yi - XiB)'ExZ1Ex X E [50Ls - z] = o,(m™1).
Thus, we get
. m Nk
E [Fr(ﬁ)(ﬁOLS . ] S ZZtr {(X'X) ' X S4B 2 Bp X i} + 0p(m™), (5.30)
k 1j5=1

where the leading term is O(m™!). For the third and forth terms, note that

m Nk m

1 - 1 2
By = —§ DD Ty (Bhg =20y 2k g 22l 2k Frap) = N Z X ErZ i Ex X g,
k=1 j=1
which are non-stochastic. Then for h=1,...,q,
m N
[th»’y = —— Zk]ro'k zkj — 2n,;1zkj + n,glzk)tﬂ.,.,zkj + OP(mfl),
(2
k 14=1
[tQT”y Ztr XkEkarEkaVQLs) -+ Op( 1),

k 1
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for Vors = (X' X) ! X'S X (X'X)™!, where we used Corollary 5.1 and

E [(Bows — @) Bors — B)'|yi| = Vors + 0, (m™), (5.31)

which follows from the similar argument to the proof of Corollary 5.1. Thus we obtain

m  ng

Elti|ly;] = —— Zzzkﬂkg(z)(zky 2nk zpj +ny Lzt Qo zij + 0p(m™h),
k 1j=1

[t2’yz N Z {tI’ X EkaTEkaVOLS)} + Op l),
k=1

where {a, }, denotes the ¢g-dimensional vector (ay,...,aq). Therefore, we have established the
result for 4 in (5.15).
We next derive the result for 72. Let

1 m n

~ ¢ 2

T _N; (yr. — X1B) (yk—Xkﬁ)—Zlffkj
= j:

Using the Taylor series expansion, we have

o2 1 9272
22 _ = = t ~
=7 +787 -7+ 2(7 v) <a—ya~yt>(7 v)

+ 7 Bows - ) + 2 (Bous - ) ((W )(B —B) +op(m™)
8,3 OLS 2 OLS aﬁaﬁt OLS P )
where we used the fact that 9272/0v093" = 0. The straight calculation shows that
mo Mg 2~9 m  ng 2~9 m
0°7T 0°T 2 ¢
72_722“@ Zkj> i ZZ% )RkjZ kj’ ﬁ:iinXia
k=1j=1 8787 k 1j5=1 8’68’6 N k=1

which are non-stochastic. Thus we obtain
R B 972 t R 5272 R R
B[P — Py = B — 2y, + (57) B -l + 5 { (5907 ) B [5G~}
8~2 t N 1 82"”2 R e
(%5 ) Bous =8| + 5] (55257 ) E [Bors - O)Bows - lu] | + o™
= Br1(y;) + Bra(y;) + Br3(y;) + Bra(y;) + Brs(y;) + Op(mil)‘

+FE

From the expression of 72, it holds that

1 m
BTl yz N Z Nk ( Yy, — 218) Zaz]
k=1,k#i
Ny 2 2 1

1= 72 L+
i 7u 2 = s
N T 14 NT T 145
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for uy; defined in (5.10). Also, we immediately have

m g
Bra(y;) = —*ZZ% 12108 (1)
k=1 j=1
For evaluation of B-4(y;), note that
o7* 2 —
— =) Xi(y,-X
93 N ; k(Ui ey

Similarly to (5.30), we get

Bral) =~ 3 Y F (0~ XuB) X1 (Bovs - )

k=1

2 m
= S o {(XIX) T XE X} + op(m ).
k=1

Moreover, Corollary 5.1 and (5.31) enable us to obtain the expression of B;3(y,) and B;5(y;),
whereby we get

m  ng

WO () = m s — DD o2y (60w by} 40

kl]l

which completes the proof for 72 in (5.15).
We finally derive the result for 3. By the Taylor series expansion,

B-p= ﬁﬂ+z<

o8\’ B )
() 6-o3-or(22) st

from 83/0¢ = O,(m~1/2) as shown in the proof of Theorem 5.1. From (5.29), we have

B) G-+ (aB) (2= ) + oyl

since

= (x's" Z (Z > 4> Xz) {(B%, = 8) Gs =)~ B-BE: — 1)},

- (x'=7'x)" (ZXZE,;lJnkZ;le) {(Bi ~B)@ )~ (BB 7 )}
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Let Qg-,, = E[(st —B)(Ys —7s)] and Qg+, = E[(E’i —B)(T —7)]. Then it can be shown that

~k

E|(B; = B)F = 7)lyi] = Qs +0p(m ™), E[(B, — BYFs — s)lyi] = Q-7 + 0p(m ™),

which can be proved by the same arguments as in Corollary 5.1. Thus from Corollary 5.1 and
the fact that

E[B-Bly,] = (X'=7'X) " XI5y, - XiB),

we obtain the result for 3 in (5.15).

5.5.4  Proof of (5.20).

From the expansion of ji;, we have

B (- )] = B {(gﬁ)t@—@r o Lo,
where

U= B (g*:;) G-01@-o (22| ) @—@]

v= |{@-or (S, ) @- ‘“}2] |

It is noted that

p+q+1p+g+1pt+g+l [ <

RNy

7j=1 k=1
p+q+1pt+q+1pt+q+1

=y > Z:: Usjkes

j=1 k=1

Opti Oi; R - .
> <8¢ka¢g ‘(p:(b*) (65 — 0)(dr — dn) (e — @)]

and
Ot 622
|Uijm| < E H <8¢j> (8@8@ oo > “ — ;) (Dk — ) (b — 925@)”

(56:) (@bales)
0¢; ) \0prO0¢y | p=o*

using Holder’s inequality. Since both 9fi;/9¢; and 0?[i;/0¢0¢, are linear functions of y;, the
first term of (5.32) is finite under Assumption 5.1. Moreover, from Theorem 5.1, it follows
vm|p; — ¢i| < C(y) for some quadratic function of y, so that the second term in (5.32) is
also finite. Hence, we have U; = o(m™!). Similarly, we also obtain Us = o(m™!). Therefore,

3/4

4] 1/4 =N —~ 4/3
<z ] B |- G- oG- 00| | 32
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using Corollary 5.1, we have

() 60
{E <g’;> (%) 56~ 916 07y
() () o (25 (22
(e[ () ()}

since ¢(y;) is fourth-order function of y; and 9p1; /¢ is a linear function of y;, which completes
the proof.

E (1 — )?] = E +o(m™)

=tr

5.5.5  Derivation of R31i(¢, K).
Since y; given v;, €; is non-stochastic, we have

p|(%) - ¢>wi]

= R31i(9) + O(m_l).

It is noted that E(w;) = 0 and

E [(ylj - 533]/6)102] =F [(Uz + Ez] wz = (Z >\zj - 1) T+ Z AZJO-Z] . (533)

Using the expression (5.15) and (5.19), it follows that

E[bg)(yz) (g’;) ( ZAU%> 21 X)) XIS E(y; — XiB)wi] =0

s ()] - Feva

j=1 k=1 h=1

A o T PR
B [0 () w] =m0 S 02 s (6um) - i Tt My, .
_ 2

Nk

—1
U Zkhzkh) M2z’j(¢a K/)
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where
Mij(¢, k) = E [ugi(ys; — xi;8)wi],  Muj(é, k) = E [uii(yi; — of;8)wi] .
To evaluate My;; and M;;, we first prove the following result for fixed j, k, ¢ € {1,...,n;}.
E[(vi + i) (i + i) (vi + €i)wi] = 720, | 723 = ko) + kol jmpmny + 055 (Lijmpatey — Lijmky)
+ 05 (Ljmepny — Li=ay) + 05 (Lip=rzgy — Lip=y) |-
(5.34)
To show (5.34), we note that the left side can be rewritten as

—n; VB [(vi + £53) (01 + gik) (vi + €i0)vil + > NinE (i + €3) (vi + £ix) (03 + ie)ein] - (5.35)
h=1

from the definition of w;. Using the fact that €;1,...,e4, and v; are independent, the first
term in (5.35) is calculated as

E [U:1 + (eij€ik + €ij€ie + Sikﬁig)vﬂ = KT 4 72 (U%l{j:k} + U%l{j:g} + Cfgkl{k:g}) .
Moreover, we have

FE [(1)1 + Eij)('l}i + aik)(vi + Eie)ffih] =F [Eih(é}‘j + e+ e’:‘ik)?}iz -+ Eijgikfiegih]
= 72070, (Linejy + Linery + Lineey) + K0 Ljmkmin)
+ 07, (Ugjl{j:k;«éézh} + Uizjl{jzéyék:h} + U?kl{jzh;«ék:é}) )

whereby the second term in (5.35) can be calculated as
T [BT o+ R0l Lmimy + 05 Lmhey + 05 L=y + Ol =iy

where we used the expression \;, = 721; 102712. Then we established the result (5.34). From
(5.34), we immediately have

Z E[(Uz + Eij)(vi + Eik)(vi + 6,’@)71)1'} = 7'27]2-_1 [ni7'2(3 — liv) + U%(HE — 3)1{j:k}]
/=1
= E[(U, + €ij)(vi + €ik)2wi} .

Now, we return to the evaluation of My;; and M;;. It follows that

Miij(é, k) = % > B [(yin — w0,8) (i; — o4;8)wi]
h=1

= mN_lnl-_sz{mTz(?) — Ky) + Uizj(/‘fs - 3)}
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and

Myij(d, k) = % ZZ zink [{Uz +ein — (v; + @)}2(%‘ + e’:‘ij)wi]

h=1
m T ng
= N Z zih{E [(UZ + Sih)2(v¢ + €ij)wi] — 2n;1 Z FE [(Ul + 8@‘)(1}1‘ + €ik)(vi + é-:ih)wi]
h=1 k=1

ni—2 ZZ ZZ E[(v; + Eij)(’l)z‘ + eix) (Vi + £i0)wy] }

k=1 ¢=1
Using the identity given in (5.34), we have
Myij(¢, k) = mN_lT2ni_1 Z zih{afj(ﬁ;g —3)(1gj=n) — 2n;11{j:h} + n;2)}
= mN7172n; n»_z(ni — 1)2(/<c6 — 3)U%zij,
which completes the result in (5.22).

5.5.6  Evaluation of Rs2i(¢).

Since y; given v; and €; is non-stochastic, we have
~ oant ~
E|(¢— o) : — P)w;
@0 (sl ) @0
¢:¢*> (@ — Pw; Uz',ez'”

E [E [(2) — ¢)! < [
¢:¢*) wl} } +o(m™)E [tr {C(yi) (;;;;t

R32i(¢p) =

t

-

N~ N~ N

0ot
{ [( e
0o’

where we used Corollary 5.1 in the last equation. Note that

o)1)

p+q+1

P O
oo " ogog + 2 (B ) <a¢a¢tam

[
dpIe’

. > (5.36)

where ¢;* is an intermediate value between ¢; and ¢;. Further note that the third order
partial derivatives of 1i; is a linear function of y;, so that the second term of Rsy; is o(m_l).

Similarly, it follows that
021
w;| =F ") wi | +0(1) = o(1),
o) 2] =B (gagr) ] +otw1 =00

277
E Gt 7
efoteley
since the second order partial derivatives of ji; is a linear function of y;; —x% 3 and the identity
(5.33). Therefore, we finally get R32;(¢) = o(m™1).



Chapter 6

Shrinking Both Means and
Variances

6.1 Introduction

In the Fay-Herriot model (2.1), it is conventionally assumed that the sampling variances D; are
known. In practice, however, the sampling variances are often estimated in various ways, and
the small area estimators are provided by replacing the known variances with their estimators.
This means that the small area estimators derived in the Fay-Herriot model involve substantial
errors which come from estimation of variance, and we need to evaluate the estimation errors.
To this end, several approaches are developed in the small area literature, for example, Arora
and Lahiri (1997), You and Chapman (2006), and Wang and Fuller (2003).

You and Chapman (2006) proposed the modified Fay-Herriot model taking the estimated
sampling variance into the Fay-Herriot model. To describe their model, suppose that there
are m small areas, and let (X;, S?) be a pair of direct survey estimates of mean and variance
in the i-th small area for i = 1,...,m. Let z; = (z,.. .,zip)t be a vector of p covariates
available at the estimation stage. Then the Fay-Herriot model can be modified as

Xl‘H’MUlQ NN(eiaa'L'Q)v 91 NN(ZI@?/B77—2)

ni—1 n;—1
S e A O
7

(6.1)

where (X;,S2,0;,02%), i =1,...,m, are mutually independent and I'(a, b) denotes the gamma
distribution with density proportional to 2% !exp(—Bx), = > 0. Here, n; is the sample size
for a simple random sample in the i-th area, 8 = (51,...,B,)" is the p x 1 vector of regression
coefficients. In the framework of (6.1), You and Chapman (2006) suggested the hierarchical
Bayesian approach by setting prior distributions:

7(B) x 1, o ~IG(a;,b;), i=1,...,m, 7°~ IG(ag,bo),

where IG(a, b) is the inverse Gamma density function with density proportional to z =%~ exp(—3/x),
x >0, and a;,b; (1 =0,...,m) are chosen to be very small known constants, so that the prior
distributions on 0? and 72 are close to the uniform distribution. However, the nearly uniform

prior distribution for af does not produce shrinkage estimation of the sampling variances.

101
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On the other hand, recently, Maiti et al. (2014) proposed the empirical Bayes approach
for (6.1), namely

Xi|0;,07 ~ N(0;,07), 0; ~ N(2!8,77%)

sto? ~1 (M) o~ Glan)
7

(6.2)

where 3,72, and v are unknown parameters. They estimated model parameters 3 and 72
as well as a and v from the (marginal) likelihood function. However, the marginal likelihood
function cannot be obtained in a closed form and they developed the EM algorithm for
getting estimates of the model parameters. Also we found through the simulation study that
the estimates of (7, @) tend to be unstable. Moreover, the analytical expression of the Bayes
estimator of #; is hard to obtain since the posterior distribution of 6; is no longer a normal
distribution but an unfamiliar distribution. Thus, it is worth developing much easier yet
practical method shrinking both means and variances in small area estimation.

These observations motivate us to propose the Bayesian approach for small area models
shrinking both mean and variances. To achieve this, we assume the uniform prior distributions
on 72 and B, namely 7(3,72) x 1, and the following structure is introduced for O'Z-2:

O'Z-QNIG(CLZ‘,Z){)/), i=1,...,m, 7(y)xl,

where a; and b; are constants specified by users. A suggestion for the choice of a; and b; is
given in the end of Section 6.2.1. In these settings, the full conditional posterior distributions
are all familiar forms that enable us to easily draw the samples via the Markov chain Monte
Carlo technique, in particular the Gibbs sampler as discussed in Section 6.2. Using these
posterior samples, we obtain the point estimates of the parameter of interest 8; by the simple
average of posterior samples. Moreover, the prediction intervals are easily constructed from
quantiles of posterior samples compared to the empirical Bayes confidence intervals given in
Dass et al. (2012) and Hwang et al. (2009). In Section 6.2.2, we also consider the alternative
formulation of the true variance o? in each area with use of covariate information, namely
o? is structured as o? ~ IG(a;, by exp(win)) for some vector of covariates w; and unknown
regression vector of coefficients 7. In this paper, we also develop a Bayesian method for this
model and prove the posterior propriety and finiteness of the posterior variances when we use

the improper priors for unknown parameters.

This chapter is organized as follows: In Section 6.2, the full Bayesian model alternative to
Maiti et al. (2014) and You and Chapman (2006) is proposed. The full conditional distribution
is described, and the Gibbs sampling for MCMC is given. As a theoretical main result, under
a mild sufficient condition, we prove that the resulting posterior distribution is proper and
the model parameters have finite variances. In Section 6.3, we carry out simulation studies to
compare the suggested methods with the models by Maiti et al. (2014) and You and Chapman
(2006). As real data analysis, we apply our methods to two real data sets, the SFIE data in
Japan and the famous corn crop data, in Section 6.4. The proofs of the main theorem are
given in Section 6.5.
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6.2 Bayesian models shrinking both means and variances

6.2.1 Model settings and Bayesian inferences

We propose Bayesian multi-stage small area model shrinking both means and variances de-
scribed as

X’L‘H’MUENN(GHO"LQ)v 9i‘67T2NN(Z§677—2)7

ni—1 n;—1
S?g? ~ T ( 12 , 22012 ) . 02y ~ IG(a;, biy) (6.3)
71'(,6, 7_277> = 17
where (X, S?, 0;, a?), i=1,...,m, are conditionally independent given (3, 72,7). Here, a;, b;

are positive and known (user specified) constants. The choice of a; and b; is not concerned
with the propriety of the posterior distributions given in Theorem 6.1 as far as a; and b;
are positive. The practical choice of these constants is discussed later. Note that the model
for S? in (6.3) means that (n; — 1)S?/0? given o? follows a chi-square distribution with
(n; — 1) degrees of freedom. This setting is appropriate under simple random sampling, but
for complex sampling design, the degrees of freedom needs to be determined carefully as
discussed in Maples et al. (2009).

We now consider the posterior distribution and investigate its properties. We denote
D = {Xi7SZ‘2;Zi}i:1,...,m7 the set of all observed data, for notational simplicity. From the
formulation (6.3), the posterior density is given by

71—(917'” 79m70-%5" . 70-7271718’7-2’7’D)

m 2 2 a2
2\—m/2 ai( 2\—n;i/2—a;—1 B (X — 0:)° + (n; — 1)57 + 2biy B (0; — z:8)
< @) ][ ex { = .

(6.4)

We state our main result, which provides a sufficient condition for the propriety of the posterior
distribution. To this end, we define Z = (z1,..., 2y).

Theorem 6.1. (a) The marginal posterior density n(3,72,~|D) is proper if m > p + 2,
n; > 1 and rank(Z) = p.

(b) The model parameters 3,7 and vy have finite posterior variances if m > p+6, n; > 1
and rank(Z) = p.

Part (a) of Theorem 6.1 says that the marginal posterior densities of the small area means
are proper and part (b) establishes a sufficient condition for obtaining finite measures of
uncertainty for the model parameters. We note that the sufficient condition given in Theorem
6.1 is the same as the condition given in Arima et al. (2015) except for n; > 1, where they
suggested Bayesian estimators for small area models with measurement errors in covariates.
The proof of Theorem 6.1 is deferred to Section 6.5.

Since the posterior distribution in (6.4) cannot be obtained in a closed form, we rely on
the Markov chain Monte Carlo technique, in particular the Gibbs sampler, in order to draw
samples from the posterior distribution. This requires generating samples from the full con-
ditional distributions of each of (01, ..., 60, a% ,...,02,,3,7%) given the remaining parameters
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and the data D. From the expression given in (6.4), the full conditional distributions are
given by

X + Ji2z§,3 7202 .
, 1=1,....m

9 ,DNN )
8,75, 0%, ¢y ( 72 4 o2 72+ o2

1 1
‘/377- G' ¢7’7a NIG( —|—(IZ,2(XZ—01)2+2(71@—1)5124-13[}/), izlv"'vm

/8|7_270-27¢a7>D ~ Np ((Zt )—lzt¢’7_2(ztz)—1) )

7—2|B7027¢7’77D ~ IG (T;l - 17 %(¢ - Zﬂ)t(¢ - Zﬁ)) )

a0 nr (Sain 3 )
=1 i=1 "t
(6.5)

where 02 = (03,...,02)!, & = (01,...,0,)", and the suffix (—i) denotes the vector without
the i-th component. Fortunately, the full conditional distributions for every parameter are
familiar distributions allowing us to easily implement the Gibbs sampling.

In closing of this section, we give a suggestion for the choice of a; and b;. For fixed value

of v, it is noted that
b;
Var(X;) = E[Var(X;|6;)] + Var(E[X;]6;]) = E[¢?] = —"

Since X;; is the sample mean, it is natural to consider Var(X;) = O(n; !). On the other hand,
the full conditional expectation of o2 is obtained from (6.5) as

, — 0;)? —1)52 .
E[oﬂXi,ei,SZ?]:(Xl 0:)2/2 + (n; — 1)S2/2 + byy

ni/2+a; —1
ni/2 ~9 9 ai—l bl'
= ——0;(X;,S; .
nZ/Z—I-al—l Z( ) ni/Z—i—ai—l ai_l’}/
where
72(X;,5%) = { + (n; — 1)S7}.

Thus the full conditional expectation of o? is the weighted mean of 52(X;, S?) and the prior
mean b;y/(a; — 1), and the weight for the prior mean is determined by a;. It is natural that
the posterior full conditional expectation approaches to S; for large n;. Thus it is reasonable
to choose a; as a; = O(1) for n;. These observations show that the order of a; and b; should
be a; = O(1) and b; = (n;l) Hence, we suggest to use a; = 2 and b; = ni_l as the one
reasonable choice. In the simulation and empirical studies given in the subsequent section,
we use these values for a; and b;. In empirical study, we investigate the influence of choices
of a; and b;.

6.2.2 Alternative formulation of heteroscedastic variances

We next suggest the alternative formulation of heteroscedastic variances o? in each area.

Remember that we assume that a? ~ IG(a;,b;yy) for specified a; and b; in the previous
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subsection. However, in case that we can accommodate the covariate information in the
variance modeling, more sophisticated modeling can be developed. Let w; be a vector of ¢
covariates in the i-th area and 7 is a g-dimensional vector of unknown coefficients, and we
propose the structure o? ~ IG (ai, biy exp(wgn)) with typical choice a; = 2 and b; = 1/n,.
Let w; = (wj1,. .., wig)" and p = (11, ..., nq)", then we cannot assign w;; = 1fori=1,...,m
since we cannot identify v and 7, in this case. To develop a Bayesian inference, we again use
the uniform prior distribution for all parameters 3, 72,7 and 1, namely 7(3,72,v,n) < 1, to
keep objectivity of inferences. Therefore, the covariate dependent version of (6.3) is given by

Xi|0ivaz'2NN(9i7012)v 9i|:6a7-2 NN(zlz?Bﬂj)a

n; — 1 n; — 1
Sf\aiz ~T ( 5 90 ) , 02-2 ~IG (ai,bi’y exp(wﬁn)) (6.6)

W(ﬂ? T27’y7 n) X ]'7

Then, the joint posterior distribution (6.4) is changed as
m
71-(91’ A 79m7o-%? ctt 70-7%’7/7 B? T2? ’77 77|D) X (7—2)_m/2 H ’yai eXp(alwfn)(O-ZZ)_nZ/Q_az_l

=1 (6.7)
X exp {_ (X; — 0;)* + (n; — 1)S? + 2b;yexp(win)  (6; — zﬁﬂ)Q}

207 272
We state our second main result, which provides a sufficient condition for the propriety of
the posterior distribution given in (6.7). To this end, we define

m m
i, = sgn (Z aiwik> sgn (Z ni“h‘k) , k=1,...,q
=1 i=1

where sgn(z) for the real number x denotes the sign of z.

Theorem 6.2. (a) The marginal posterior density (B3, 72,v,n|D) is proper if m > p + 2,
n; > 1, rank(Z) =p, and ty, =1 fork=1,...,q.

(b) The model parameters 3,72,y and m have finite posterior variances if m > p+6, n; > 1,
rank(Z) =p, and t, =1 fork=1,...,q.

The last new condition t; = 1 for K = 1,...,¢ given in both (a) and (b) means that
the two values > " ajw;, and Y ;" njw;, have the same signs for k = 1,..., ¢, while other
conditions are the same as in Theorem 6.1. Note that the simple sufficient condition for the
last condition is w;k, ¢ = 1,...,m have the same signs since a; and n; are positive.

To sample from the joint posterior distribution (6.7), we can again use the Gibbs sampling
method. Note that the full conditional distributions of ;’s, B and 72 are the same as (6.5),
and these of o? and + are obtained by replacing b; with exp(win). The full conditional
distribution of n is proportional to

m
b; ¢
r(nlo?, v, D) = [ [ exp(a;win) exp {_W} |
o*
i=1 3
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which is not a familiar form. To sample from this full conditional distribution, we use the
random-walk Metropolis-Hastings (MH) algorithm. Let 1 be the current value and we gen-
erate the proposal n* from N, (ng,cI,) for specified ¢ > 0. Then we accept the proposal n*
with probability min{1, p(n,,n*)}, where

(_bﬂ[exp(wﬁn*) - eXp(wﬁno)]> '

2
g;

p(no,M H exp{a;wi(n" —ng)} exp

6.3 Simulation studies

In this section, we compare the accuracy of the hierarchical Bayes estimator based on the
proposed full Bayesian model with the empirical Bayes estimator given by Maiti et al. (2014)
and the hierarchical model suggested in You and Chapman (2006) through simulation exper-
iments. We first generate observations for each small area from

Xij=PBo+Przi+ui+ej, j=1,...,n;, 1=1,....m,

where u; ~ N(0,7%) and e;; ~ N(0,n;02). Then the random effects model for the small area
mean is

Xi=Po+ brzitui+e, i=1,...,m,

where X; = X; = n;l Z 1 Xij and e; = n; —1 Z] 1 €ij. Therefore, X;|0; ~ (91,01) where
0; = Bo + B1zi + w4, that is 0; ~ N(By + ,8121, ), and e; ~ N(0, 01-2). The parameter of interest
is the mean 6; in the i-th small area. The direct estimator of 0’,? we used in simulation runs is

1 i

noting that S2|o? ~ I'((n; — 1)/2, (n; — 1)/20?). We generate covariate z; from the uniform
distribution on (2,8), and set the true parameter values By = 0.5,3; = 0.8 and 72 = 1. We
consider the case m = 30 and n; = 7 for all areas. For the true values of 0?, we consider two
cases: (i) 07 ~ IG(10,5exp(0.32;)) and (ii) o2 ~ U(0.5,5).

For simulated data, we apply four methods to get the estimator of the small area mean
¢; and variance o2. Two of four are the proposed Bayesian models (6.3) and (6.6) referred
as STK1 and STK2, respectively. In applying these models, we put a; = 2 and b; = 1/n; as
discussed in the end of Section 6.2, and we use ¢ = (0.2)? in each MH step in STK2. The
third method is the hierarchical Bayesian method given by You and Chapman (2006) referred
to as YC, where we assign the uniform prior for o2, namely m(c?) o 1. For posterior sampling
in YC method, we replace the full conditional for o2 in (6.5) with

n; 1 1 .
0'?‘/377-270.%—i)7¢7D ~ IG <2272(Xl_91)2+2(n1 - 1)S22> , 1= 17"‘7m7

and the propriety of the posterior distribution can be easily established from small modifica-
tion of the proof of Theorem 6.1. The fourth method is the empirical Bayes method given
in Maiti et al. (2014) referred to as MRS. In the three full Bayesian model, we calculate the
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estimators @ and 33 as the mean of 5000 posterior samples after 1000 iteration. For all four
estimator, we calculate the mean squared errors and the absolute biases defined as

MSE = Z Z T) , Bias=— Z Z o) — H(T))
i=1
)

=1 r=1

based on R = 2000 simulation runs, where ¢; © and GET) are the estimated and true value in
the i-th area in the r-th iteration. Moreover, for the three Bayesian models STK1, STK2 and
YC, we compute the credible mtervals of §; with probablhty 0.95 /a@ 0.99, and calculated
the coverage probability (mR)~t> 1" 125 1 L(0; € Cly, )) where CI;(,.y denotes the credible
interval for 0; in the r-th run. The simulation results are presented in Table 7.1. For point
estimation of 8;, the MSEs of ; in MRS is reasonable values, but the bias of MRS is larger
compared to other three Bayesian models. Among the full Bayesian model, it is observed that
STK1 and STK2 attain minimum values of MSE in the case (ii) and (i), respectively. The
preference of YC is worst among the four models since YC does not consider the shrinkage
estimation of o2 in spite of small sample sizes (n; = 7). We also noted that the MSEs of o2
are largest in MRS in both cases, which may comes from instability of estimation of o and
v in (6.2). Concerned with the Bayesian credible intervals, it is revealed that the suggested
two methods STK1 and STK2 almost attain the nominal levels, but YC provides smaller
coverage provabilities than the nominal levels. This is clear that this phenomena comes from
the instability of variance estimation in the YC method. Therefore, the suggested procedure
reasonably works in terms of MSE and bias of both 6; and a , and can provide an accurate
credible interval compared to the YC method.

Table 6.1: Simulation Result.

Mean (#;)  Variance (0?) CP
MSE Bias MSE Bias 95% 99%

(i) STK1 1.120 0.036 2.325 0.411 95.6 99.3
STK?2 1.102 0.035 2.087 0.272 953 99.2

YC 1.275 0.038 3.894 0.120 93.2 97.6

MRS 1.149 0.410 4.442 0451 — —

(i) STK1 1.043 0.040 1.144 0.041 95.2 99.2
STK2 1.053 0.041 1.845 0.278 955 994

YC 1.185 0.044 2.630 0.099 93.0 979

MRS 1.001 0.273 2.849 0.320 — —

6.4 Real Data Analysis

6.4.1 Survey data

We apply the suggested procedures to the data in the Survey of Family Income and Expendi-
ture (SFIE) in Japan. In this study, we use the data of the spending item ‘Education’ (scaled
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by 1000) in the survey in November 2011. The average spending at each capital city of 47
prefectures in Japan is denoted by X; for i = 1,...,47. Although the average spendings in
SFIE are reported every month, the sample sizes n;’s are around 100 for most prefectures, and
data of the item ‘Education’ have high variability. On the other hand, we have data in the
National Survey of Family Income and Expenditure (NSFIE) for 47 prefectures. Since NSFIE
is based on much larger sample than SFIE, the average spendings in NSFIE are more reliable,
but this survey has been implemented every five years. In this study, we use the data of the
item ‘Education’ of NSFIE in 2009 as a covariate, which is denoted by z; for ¢ = 1,...,47.
Then the two stage model for X; is described as
Xi|0:,07 ~ N(0;,02), 0i|Bo, b1, 7% ~ N(Bo + Pr2zi,7°), i=1,...,47.

(2

As the direct estimates of 012 , we calculate Sg from the data of the spending ‘Education’ at

the same city every November in the past ten years. Then the model for S? is given by

S?]a?wf(le ”202> i=1,...,47.
1

and the priors for 01-2 are given by
(STK1) 02 ~ IG(a;,biy), (STK2) 02 ~ IG(a;, biyexp(nz)), (YC) w(o?) o 1.

Remember that the uniform prior for 02-2 in YC model leads to the non-shrinkage posterior
estimator of o2, while the proper prior for o7 in STK1 and STK2 leads to the shrinkage
estimator of 02-2 toward the prior mean.

It is easy to confirm that the sufficient conditions in Theorems 6.1 and 6.2 are satisfied in
this case since the covariate z; is positive for all areas. Now, we apply the three models to
the survey data with

a;=2 and b, =1/n; in STKI1 and STK2.

Moreover, to investigate sensitivity of the choices of a; and b;, we consider the following two
additional choices:

(Sl) a; = 3, bi = 1/77,1‘, (82) a; = 2, bi = 1, (68)

where the prior mean of o7 is v/(2n;) and 7 in (s1) and (s2), respectively. We use ¢ = 1 for
MH step in STK2. We first calculate the point estimates of model parameters as the means of
95000 posterior samples by Gibbs sampling after 5000 iteration. The results are given in Table
6.2. The estimated values of (g, 51 and 72 are similar for all models. For model comparison
of these models, we calculated the Deviance Information Criterion (DIC) of Spiegelhalter et
al. (2002) given by DIC = 2D(¢$) — D(¢), where ¢ is the unknown model parameters, D(¢)
is (—2) times log-marginal likelihood function, and D(¢$) and ¢ denote that posterior means
of D(¢) and ¢, respectively. Note that ¢ = {3,72,~7} for STK1, ¢ = {3, 7%,v,n} for STK2,
and ¢ = {B,72,0%,...,02,} for YC. The resulting values of DIC and W are reported in
Table 6.2, and it is observed that YC is the most suitable model for this data set in terms of
DIC. This may come from the fact that the sample size n; in each area is around 100. Thus

the direct estimates of sampling variances are relatively accurate in this case, so that it does
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not require shrinkage estimation for variances. Comparing STK1, STK1-(s1) and STK1-(s2),
~ seems sensitive to the choice of a; and b;, since the prior means are different for each choice,
but the recommended choice attains the smaller value of DIC. The same thing can be observed
in STK2, STK2-(s1) and STK2-(s2). However, the posterior mean of 6; and o7 are nearly the
same among the three choices.

In the closing of this study, we compute the posterior estimates of af’s and 91-278 obtained
from three models, STK1, STK2 and YC. In Figure 6.1, we provide the scatter plots of direct
and posterior estimates of o7’s and 6;’s for selected 15 areas. From the left panel of Figure
6.1, the posterior estimates of 012 are almost the same for each model in the area with small
direct estimates. On the other hand, in areas with large direct estimates of o2, the posterior
estimates in YC and those of STK1 or STK2 are different since STK1 and STK2 produce
shrinkage estimators for o2, but the difference is still small. For the scatter plot for §; given in
the right panel of Figure 6.1, it is observed that the resulting posterior estimates from three
models are similar. Thus, the suggested procedures STK1 and STK2 provide almost the same
estimates of 6;, parameter of interest, as the YC method while the DIC values of STK1 and
STK2 are larger than YC. That is, both STK1 and STK2 work as well as YC in the case that
there are no need to shrink direct estimates of variances.

Table 6.2: Posterior Points Estimates and Standard Errors (Parenthesis) of Model Parameters,
and DICs in Survey Data.

Bo B1 2 g n DIC
STK1 0.893 0.696  10.5  2.42 x 103 — 700.4
(2.74) (0.206) (5.15) (2.57 x 10%) —
STK1-(s1) 0.864 0.698  10.5  3.71 x 103 — 717.4
(2.76) (0.207) (5.15) (3.29 x 10?) —
STK1-(s2) 0918 0.694  10.4 23.6 — 705.0
(2.77)  (0.207) (5.12) (2.52) —
STK?2 0.868 0.697 104  1.22x10° 547 x 1072 700.3
(2.78) (0.209) (5.17) (3.08 x 10%) (1.74 x 1072)
STK2-(s1) 0.878  0.697 104  2.69x10°  2.22x 1072 745.3
(2.77)  (0.208) (5.18) (4.07 x 10%) (1.08 x 1072)
STK2-(s2) 0.831  0.700  10.6 30.6 —1.68 x 1072 6651.8
(2.77)  (0.208) (5.19) (10.7) (2.63 x 1072)
YC 0913 0.698  11.0 — — 558.3

(2.74) (0.206) (5.25) — —

6.4.2 Corn data

We next illustrate our methods based on the widely studied example which was first analyzed
by Battese et al. (1988). The dataset is on corn and soybean productions in 12 Iowa counties,
and we here focus on corn data. Since the sample size of the original data is ranging from
1 to 5, we cannot use the proposed model which requires n; > 1 for the posterior propriety
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Figure 6.1: Scatter Plots of Direct and Posterior Estimates of 0?’s (Left) and 6;’s (Right) for
Selected 15 Areas in Survey Data.

as given in Theorem 6.1. Thus, we use the modified data given in the table 6 in Dass et al.
(2012). The dataset consists of m = 8 areas with sample sizes in each area ranging from 3 to
5, and the survey data of corn (X;) and the satellite data of both corn (z1;) and soybeans (z2;)
as the covariates are observed in each area, where X;, z1;, z9; are scaled by 100. Note that the
sample sizes n; in each area is much smaller than that in the previous study. Similarly to the
previous study, we apply the three models STK1, STK2 with a; = 2 and b; = 1/n; and YC.
The two stage model for X; is given by

Xi|0;,07 ~ N(0;,07), 0:lBo, B1, B2, 7> ~ N(Bo + Brz1i + Pozais 7°), i=1,...,8.

For a covariate for variance modeling in STK2, we use only z1;, namely o2 ~ IG (a;, by exp(nz1:)),
since the DIC values of other models with use of only 29; and both z1; and z9; are larger than
this model. Since the covariate z1; is positive for all areas, the sufficient conditions in Theorem
6.1 and 6.2 are satisfied in this case. We use ¢ = (0.2)? in each MH step in STK2. We again
consider two additional choices of a; and b; in (6.8). Then, based on 95000 posterior samples
after 5000 iteration, we calculate the point estimates of model parameters as the posterior
sample means and we provide the resulting values in Table 6.3 as well as DIC values. The
posterior estimates of regression coefficients £y, 81 and o are similar for all models, but
and 7 are different depending on the choices of a; and b;. It is also revealed that STK2 is
the most preferable model for this data set from DIC values. Among the three choices of a;
and b;, the recommended choice seems the best in terms of DIC, but the posterior mean of 6;
and o? are almost the same among the three choices. In this case, it is interesting to point
out that both STK1 and STK2 are more preferable than YC in terms of DIC values. This is
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because the accuracy of the direct estimates of variances with small sample sizes (from 3 to
5) is suspicious and the shrinkage estimation for o7 is needed in this case.

In the left panel of Figure 6.2, we show the scatter plots of direct and posterior estimates
of 02-2 obtained from three models, STK1, STK2, and YC. The result shows that the posterior
estimates of o7 of YC (using uniform prior on ¢7) are considerably different from those of
STK1 or STK2, while STK1 and STK2 produce the similar posterior estimated values. It
is also observed that the posterior estimator of o2 of STK1 and STK2 shrink the direct
estimator of 01-2 toward some prior mean, but that of YC does not. In the right panel of
Figure 6.2, we show the 95% credible intervals for 6; from each model. It is clear that STK1
and STK2 produce similar credible intervals and YC produces shorter credible intervals than
two methods since the length of credible intervals are affected by the posterior estimates of
o?. In particular, the credible interval of YC in area 1 is much shorter than that of STK1
and STK2, but the interval of YC is not reliable because of instability of variance estimation
in the YC method. Then we may misinterpret the accuracy of the resulting estimator of 6;
when we use YC in this case. This phenomena is consistent to the simulation results in Table
7.1, where the credible interval in YC has smaller coverage probability than the true nominal

level. Thus the shrinking variances is the crucial strategy when n; is small like this data set.

Table 6.3: Posterior Points Estimates and Standard Errors (Parenthesis) of Model Parameters,
and DICs in Corn Data.

Bo B1 B2 T2 v n DIC
STK1 -1.59 0.679 0.379 0.278 0.559 — -14.45
(9.47) (L97) (1.88) (1.25) (0.252)  —
STKI—(SI) -1.42  0.643 0.347 0.279 0.884 — -14.23
(9.68) (2.02) (1.89) (1.69) (0.367)
STKI-(s2)  -1.73 0.726 0385 0341  0.144 -11.76
(9.67) (2.03) (1.90) (2.63) (0.0655)
STK2 -1.76  0.720 0.402 0.367 8.67 -0.939 -20.39
(1L0) (2.38) (2.03) (7.21) (4.77)  (0.154)
STK2-(s1) -1.57 0.686 0.358 0.256 14.5 -0.961 -10.02
(9.06) (1.90) (1.77) (0.821) (7.05) (0.118)
STK2-(s2) -1.74  0.729 0.384 0.283 7.31 -1.27 -3.10
(9.53) (1.99) (1.88) (1.20)  (5.56)  (0.299)
YC -1.805 0.754 0.375 0.303 — — -7.33

(9.57) (1.99) (1.88) (1.11) — —
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Figure 6.2: Scatter Plots of Direct and Posterior Estimates of 02’s (Left) and 95% Credible
Intervals of 6;’s (Right) in Corn Data.

6.5 Proofs

6.5.1 Proof of Theorem 6.1.

We first prove part (a). Let Ry = {z € R| x > 0} be the set of positive numbers. In what
follows, capital C', with and without suffix, means a generic constant. It is sufficient to prove
that

/ (B, 7%,v|D)dBdr*dy < cc.
R™ xR2
Let ¢ = (01,...,0m)t, 0® = (02,...,02,)t. Then we need to prove that

/ 7(01,...,0m,0%,...,02,8,7%,v|D)dpdodBdr?dy < oo,
RmXRTXRPXR?'_

where
7r(91,...,Gm,o—%,...,azn,ﬂ,TQ,ﬂD)
—m e @ s /9—a— X, —0; 2 + (n;—1 S-2+2bi 0; —Zﬁ,@ 2
O<(Tz) /QH,YZ(UZZ) i/2—a; 1exp<_( ) ( )S; ’Y_( ))
=1

207 272
From expression (6.4), we first integrate with respect to a%, ..., 02 to get
_ _ Zt t - Zt m . o |
(08,72 71D) o () exp (O TR IR Tt i) 200

=1



6.5. PROOFS 113

where ¥;(0; — X;,7) = (X; — ;)% + (n; — 1)S? + 2b;y. Noting that

o tip _ 7t
/ exp (- 0= 2ZP) 6= 270) 0B = (22|22 P expd — L 0N(T,, — z(2'2) 20} |
RP 272 272

we obtain

m

1
w@#wm«w>pr“wﬁ}%ﬁMﬁHw%@—&m“WW%<w>
T
i=1
for A=1I,,—Z(Z'Z)"'Z". When m —p—2 > 0i.e. m > p+2, we can integrate (6.9) with
respect to 72 to get

—(m—p—2 2m a —(n.; a
7(8,7ID) o (6°A0) "I  ihi(0; — Xi,y) (/2. (6.10)
=1

Define Q = {0]6" A0 < 1} C R™. It holds that
/ 7(0,~|D)d0dy :/ W(B,’yD)dOd’y—F/ 7(0,~|D)d0d~.
R™xR4 QxR4 QexRy

The second term can be evaluated as

m

/ 7(6,7|D)dody < C [T — Xi,9)~ (/20 dody
QCXR+ QCXR+ i=1

< C/ HVMT/%(@' — X, )~ i/ 2 g9 dry
Rm

xRy =1

— 1 - QGigh (0. — X. ~\—(i/24ai) 19
C/O 11;[1{/—007 ¢z(91 X277) dez}d77

which corresponds to the last formula in (12), and it is finite. For evaluating the first term, we
first note that there exists a (m—p) x m matrix H; such that A = H{H; and H{ H} = I,
since A is an idempotent matrix with rank(A) = m—p. By changing the variable as u; = H10

and ug = (Um—p+1, - - -, Um) With u; = 0;, it follows that
oo M—p
/ w@ﬂmwmsdf W@ﬁmp%%m/ T 7o 4(ni — 1)? + 20y} =2
QxRy fur<1 U——

mn 00
< 1 {/ VWW(W—Xz'ﬁ)_(ni/ﬂa")dui}d%

i=m—p+1 —o°
Moreover, it holds that

1
/ (utlul)_(m_p_2)/2du1 = C’"/ p(m=p=2)pm=p=lg. « .
tu <1 0
thereby the similar evaluation shows that 7(0,v|D)dOd is also finite. Thus the proof
QXR+
for part (a) is complete.
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For part (b), we show E(B3'|D), E((r?)?|D) and E(y?|D) are finite. For E((72)?|D), we
evaluate it in the same manner as in Part (a). Note that

1 m
(7°)*m(8, 7%, 4|D) ox (72) "=  exp (-229tA9) [T = Xi, )~ trir2tan),
T
i=1
so that it follows, when m — p — 6 > 0, namely m > p + 6, that

)?|D) < C Hy“’@bl i — Xi, )~ M) dgdy < oo,
Rm™ XR+Z 1

For evaluating F(B83'|D), note that

AR A
0-Z0)'¢ ﬁ))dﬁ

BB" exp <—
RP
= (72?12t Z) 7% exp _ L ota0) (ztz) 1, + 2'00'Z(Z2'Z)"'} .
272
-
Integrating out it with respect to 72, we have

E(BB'|D) / (0°40) PV A% (0 — Xiy) /2 d0dy (2 Z)
RmXR+

i=1

Z'Z)17'00'Z (2t 7)1 {4 a;
+ / x4 \ZZ) I1 i d0d-.
R™ xR (0" AQ)~(m—p=2)/2 b Wi(0; — X, y)na/2ta

The first term can be verified to be finite by using the same arguments used to evaluate (6.10).
For the second term, it is sufficient to show that for j =1,...,m,

aq

/ e
R xRy (6'A0)- (m p—2)/2 % i — Xy, y)nil2+a

dOdy < . (6.11)

By the same arguments used to evaluate (6.10)7 the inequality (6.11) is satisfied if

00 00 fyajllﬂ 00 ,Yai
/o { /—oo Vi (g, ’Y)nﬂj/%aj dﬂj} 1;[ { /—oo Yi(pi, y) /2=l dw}ah = oo

v}

Making the transformation u; = ,uj/\/(nj — 1)5]2 + 2b; gives

/oo % G du o % /oo uj2 "
o ¢i(/ﬁja'}/)nj/2+aj J {(n] _ 1)32 + 2b; ’Y} n;—3)/2+a; o (1 + U?)nj/2+aj Js
which is finite since n; > 1. Hence, (6.11) holds if
[0.9]
/ {(n* —1)5% + 2b*7}_K/2 dy < oo,
0

where K' = n; —3+43,,,(ni —1) = N —m — 2. This establishes that E(BB'|D) < o for
N > m + 4. Finally, for E(y%|D), it follows that for N > m + 6,

—(N-m)/2
E(+?|D) <c/ { —1)Sf+bw} dy < o0,

which completes the proof for (
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6.5.2 Proof of Theorem 6.2.

We first prove part (a). From the proof of Theorem 6.1, it is sufficient to show that

- ai (1 —(ni/2+ai)
| T Gesptwlm)® {Gm - )57 + by expluwim} dydn <00, (6.12)
+x R4

under the condition that t; = 1 for k = 1,...,q. Since (n; —1)S? and « exp(win) are positive,
the left side in (6.12) is evaluated from the upper by

q 4q -1
/IR . Y explm) ™ {C* + by AN T exp(nk)Bl’“+B2’“} drydn, (6.13)
HXRE =y k=1

where A = Y7 a;, Big = > ajwig, Bop = 27131 njwgg, be = [, b; (ni/2+ai) , and
O, = 27 AEN/Z4m) T {(n; — 1)S2}~("i/2+0:) " Thus we need to show that (6.13) is ﬁmte.
Without loss of generality, we consider the case of By > 0 and By, > 0 for k = 1,...,q,
since the case that By < 0 and By, < 0 for some k reduces to Byp > 0 and By, > 0 by
changing the variable 7y as —ng. From the positivity of Byg’s, there exists A > 0 such that

By > 1/A>0for k=1,...,q, and we change the variables as ¢ = exp(nr/A) in (6.13) to
get fRiﬂ f(v, ¢)dvde, where ¢ = (¢1,. .., ¢q) and

4 -1
f(y = Ny A H (b)‘Blk 1 (C* + b*,yA+N/2+m H ¢231k+)\32k>
k=1

We decompose the integral qu+1 f(v, )dyde into the 29! domains v < 1 or v > 1, and
+
or <lor¢r>1fork=1,...,¢q. Then it is sufficient to show that

1 [e'e)
/ / F v, @)ddy < oo, / / J(v, $)debdy < 0o, (6.14)
0 J(0,1]7x[1,00)3—7 1 Jo1rx[1,00)a-

for fixed r = 0,...,q. For evaluating the former in (6.14), we define g(v,¢1,...,¢r) =
f[l S f(v,®)dod. We note that g(v, ¢1,...,¢,) is 0 when at least one among 7, @1, ..., ¢
is 0, and g(v, ¢1,...,¢,) < 0o for other values since

H qb)\B”‘ 1(0 4+ D, H ¢ABlk+>\sz> 1d¢r+1...d¢q

k=r+1

gV, 01, bp) = A AH¢ABM 1/

[1,00)2— "

k=r+1

for 0 < 7, é1,...,¢, < 1, where Dy = by N/ 2]} _ /\Bl’“J”\B% Therefore, g(v, ¢1,. .., ¢r)
is bounded over [0,1]", so that the former mtegral in (6 14) is finite. For the latter case of
(6.14), we can similarly show that the integral is finite since N/2 > 1, which completes the
proof for part (a).
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For part (b), we first note that it can be proved of finiteness of the posterior variances of
other parameters using the similar argument given in the proof of part (a) in Theorem 6.2.
Hence, we show E[n2|D], k= 1,...,q are finite. To this end, it is sufficient to prove that

q 4q -1
/ v [ [ exp(ne)” ”{C* + by TN T T explm)” ”*B”} drydn < oo,
Ry xR =1 k=1

for k=1,...,q. Under the condition that By > 0 and By, > 0 for k = 1,...,q, there exists
A > 0 such that By, > 3/\ and By, > 3/, and we change the variables as ¢ = exp(ni/\)
in the left side to get [po+1 fi(7, @)dyde, where

+

q g B
Ji(r, @) = X9 T[og 64207 " O + by N T e 2P}
=1 =1

We again decompose the 2971 domains y < lory>1,and ¢, <lor ¢ > 1fork=1,...,q.
Since AByy—1 > 2, (log gbk)QquBlk_l is bounded over 0 < ¢ < 1. On the other hand, it is noted
that [°(log dr) 20y "% /(C + D Pt P2y dgy = [0 42 exp(ABigu)/(C + D exp{(ABy, +
ABog)u})du < oo under Byp > 0. Therefore, similar evaluation shows that the integral
Jga+t fr(7, @)dydg is finite, whereby we complete the proof for part (b).

+



Chapter 7

Uncertain Random Effects

7.1 Introduction

Datta et al. (2011b) suggested inference by testing the presence of random effects in general
mixed models. They pointed out that if the random effects can be dispensed with, the model
parameters and the small area means may be estimated with substantially higher accuracy.
Further, Datta and Mandal (2015) generalized the idea of preliminary testing to the uncertain
random effects in the Fay-Herriot model, which assumes that, for all i € {1,...,m},

yi =0; +ei,  0; =B+ wv;,

where ¢; ~ N(0,D;) for known D;, v; ~ N(0,A4) and Pr(u; = 1) = p = 1 — Pr(u; = 0).
In Datta and Mandal (2015), the term wu;v; is called the “uncertain random effect” since
the density of w;v; is expressed as a mixture of N (0, A) and a point mass at 0. Because
the distribution of the random effects is a mixture, the extent of these random effects can be
controlled and flexible prediction can be achieved. Actually, the resulting estimator (predictor)
of 0; is expressed as the linear combination of the direct estimator y; and the regression
estimator xf3. The weight depends on the squared residuals (y; — xf3)? while the weight
in the resulting estimator from the traditional Fay-Herriot model does not take the residuals
into account.

In Datta and Mandal (2015), the Bayesian method was implemented for inferences of the
small area parameters 6;’s as well as the model parameters by setting the proper prior distri-
butions for p and A, namely p ~ B(a1,a2) and A ~ IG(as,a4) for known (user specified) a;,
i =1,2,3,4, and the improper uniform prior for 8, where B(a1, a2) and IG(as,a4) denote the
beta and inverse gamma distribution, respectively. It was shown that the resulting posterior
distributions of all the parameters are proper under some conditions. However, Datta and
Mandal (2015) focused on the Fay—Herriot model, and their method could be restrictive in
real applications. Moreover, they used a proper (informative) prior distribution for both p
and A, and the result could be affected by the choice of hyperparameters.

In this chapter, we treat not only the uncertain random effects in more general small area
models like the NER model, but also non-informative prior distributions for model param-
eters. The NER model has been used in various applications including small area estima-
tion, biological experiments and econometric analysis. The NER model assumes that, for all
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ie{l,...,m}and j€{l,...,n;},
Yij = T8 + vi + €ij,

where ¢;; is the sampling error associated with y;; and v; is a random effect in the 7th area. It
is usually assumed that ;; and v; are mutually independent and distributed as g;; ~ N (0, a?)
and v; ~ N(0,72), respectively. The main purpose of the NER model is to predict (estimate)
the quantity of linear combinations of 3 and v;, namely u; = ¢!3 + v; for some known vector
C;.

In this chapter, we suggest the use of the uncertain random effect in the NER model and
propose the uncertain nested error regression (UNER) model by adopting the structure

vilui ~ N(0,u;7%)  with  Pr(u; = 1) = p.

For the prior on 72, the variance of random effects, we use a distribution depending on the
u;’s, which is defined as

(%2 > a) x 77, w(1?|z < a) o< e (T2),

for some a > 0, where z = uy + - -+ + u,, and m,(72) is some proper density, so that the
prior distribution of 72 is more non-informative than the proper prior such as an inverse
gamma distribution as used in Datta and Mandal (2015). For the other parameters 3, 0% and
p, we also assign the non-informative prior 7(83,02%,p) « p~/2(1 — p)~Y26~1. Hence, our
Bayesian procedure is objective. We also apply the NER model in the framework of the finite
population to predict the true finite population mean based on the partially observed data in
each population.

This article is organized as follows. In Section 7.2, we describe the details of the UNER
model and provide the full Bayesian method as well as the main theorem regarding the
propriety of the posterior distribution and the finiteness of posterior variances. The prediction
problem of finite population means using UNER is also discussed. In Section 7.3, we compare
the UNER model with the NER model through simulation and empirical studies. The proof
of the main result is given in Section 7.4.

7.2 Uncertain Nested Error Regression Models

7.2.1 Model settings and Bayes estimator

We consider the following uncertain nested error regression (UNER) model

yij = ¢ B+ viteij, j=1,...,n,

9 _ (7.1)
Ui’<ui=1)NN(O,T ), 'UZ"(UZ':O)N&)(UZ'), Z=1,...,m,

independently for ¢ with Pr(u; = 1) = 1 —Pr(u; = 0) = p, where x;; is a g-dimensional vector
of covariates, 3 is a g-dimensional vector of regression coefficients, dy(-) denotes the Dirac
measure at 0, and the ¢;;’s are independently and identically distributed as N(0,02). The
marginal density function of v; is given by

2

f0) = E—exp (= 55 ) + 1 =p)I(v =0),

onT 272
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which is a mixture of the normal distribution N(0,72) and the point mass at 0. Thus the
model parameters are the regression coefficients 3, the variance components ¢ and 72, and
the mixture ratio p.

Let y; = (Yi1,- - -, Yin;)' be the observed vector in the ith area. Then the variance of y; is
Var(y,) = 021, +pr2J,, for J,, = 1,, 1%,.. If the prior probability p of u; = 1 is 0, it follows
that Var(y,;) = 02I,,, and the observations in the ith area are mutually independent. The
parameter that we want to estimate (predict) is p; = ¢}8 + v; for a known vector ¢;. The
typical choice of ¢; is ®; = (zi1 + - -+ + Xin,)/ni in which p; corresponds to the mean of the
ith area. The posterior distribution of u; given u; and y; is

T2 (u; = 1)

(u; = 1)027'2)
02 4+ n;T2

o 1
puluss y; ~ N (el + (5: — 28).

02 4+ n;T2

where §; = (yi1 + -+ + Yin,;)/n4, the sample mean of y;; in the ith area. Thus the posterior
distribution of y; given y; is a mixture of the normal distribution and a point mass at c!g.
The resulting Bayes estimator fi; of p; is

2

~ _ n;T o ~
i = E(uily;) = pz‘{cfﬁ + m(‘% - wiﬁ)} +(1=p)eiB
2~
ot L2 Y = —t
=cB+ m(% - z;0),

where p; is the posterior probability of u; = 1 given by

pi = Pr(u; = 1ly;)

[62 + ;72 272 o 1 (7.2)
:p[p+(1—p) %em{—m(yi—mﬁﬁfﬂ .

We note that p; increases in p and (7; — !3)2. Thus, if x;; is a good covariate to explain y;;
in the ith area, the squared residual (y; — ig,@)2 is expected to be small, and the posterior
probability p; is small as well. The posterior probability p; is 1 when p = 1 and p; converges
to 1 as (7; — x!B3)? goes to infinity.
Moreover, the posterior variance of p; is expressed as
Vi(y;) = Var(uly;) = Var(vily;)
n2r4

= e 0 BB B - F) +

o1 (7.3)
o2 4 n;t2’

It is worth pointing out that in this case, the posterior variance of u; depends on the obser-
vation y,; through the squared residual (g; — :Eﬁﬁ)Q and the posterior probability p;, while the
posterior variance of the random effect in the usual nested error regression model is given
by 0272(0? + n;72)~!, which does not depend on y,. This means that the uncertain random
effect enables us to take the distance between the sample mean §; and the synthetic estimator
Z![3 into the posterior variability of the parameter of interest, ;.

7.2.2  Bayesian implementation and posterior distribution

Since the marginal likelihood function of the model parameters B3,02,72 and p is rather
complex, we consider objective Bayesian inference for the model parameters as well as the
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random effect v;. To this end, we rewrite the model (7.1) as

yij|vi,,6,02NN(azﬁj,@—i-vi,(ﬂ), ji=1....n; i=1,....m (7.4)
vilu, 72 ~ N(0,u;7%),  wilp ~ Bin(l,p), i=1,...,m '

independently for i, where Bin(1,p) denotes the Bernoulli distribution. To implement a full
Bayesian inference, we need to set prior distributions on the model parameters. To keep
the inference objective, we use the uniform prior distribution on B and the Jeffreys prior
distributions on ¢ and p. On the other hand, the prior distribution of 72 should depend on
2z = uj + - + Uy, since 72 cannot be identified for a small value of z. Thus, for the model
parameters, we use the prior distributions

71 if z>a

m(1?) ifz<a (7:5)

m(B,0%p) =p 21 —p) 207 w(r?2) {

where 7,(72) = (72)"""Lexp(—by/7?) for known constants by > 3 and by > 0. The value
of a is chosen by the user, and this point will be discussed later. It is noted that the prior
distribution on p is proper, but the priors on 3, 0% and 72 are improper, so that the posterior
propriety is not always guaranteed. In Theorem 7.1, we show that the posterior distribution
for the model parameters is proper under mild conditions.

We now describe the posterior distribution and investigate its properties. The set of all
observed data is denoted by D = {y;, X;}i=1,..m for X; = (@1, ..., %i,). From the model
(7.4) with prior setup (7.5), the posterior density of the parameters (v,u,3,02, 7% p) for
v=(v1,...,v)" and w = (uq,...,uy)" is given by

W(U7u71370-27 T27p‘D)

OC(O_Q)f(N+1)/2(7_2)7{z+I(z>a)}/2f(b1+1)I(z§a)pzfl/2(1 _ p)m7271/2
5 S (i — B —vi)? w2 e (7.6)
% Zl_[l [exp{ B 202 272 }50(%) }

b2
Xexpy ——=I(z<a }
p{-Z1z<0)
We can now state our main result about the posterior propriety and the existence of
posterior variances.

Theorem 7.1. The following statements hold true.
(a) The marginal posterior density 7(8, 02,72, p|D) is proper if N > q+2 and m > a > 1.

(b) The model parameters 3,0%, 72 and p have finite posterior variances if N > q + 6 and
m>a > 5.

Remember that ¢ is the dimension of the vector of regression coefficients 3, and a is
the tuning parameter of the prior for 72. Part (a) in Theorem 7.1 says that the marginal
posterior densities of the small area means are proper and part (b) provides a sufficient
condition for obtaining finite measures of uncertainty for the model parameters. We note
that the conditions in Theorem 7.1 are similar to the conditions given in Arima et al. (2015)
and Datta and Mandal (2015). The proof of Theorem 7.1 is presented in Section 7.4.
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Since the posterior distribution in (7.6) cannot be obtained in closed form, we rely on
the Markov chain Monte Carlo technique, in particular the Gibbs sampler, in order to draw
samples from the posterior distribution. This requires generating samples from the full condi-
tional distributions for each of (v, u, 3,02, 72, p) given the remaining parameters and the data
D. Fortunately, the full conditional distributions can be described using familiar distributions
allowing us to easily implement the Gibbs sampling. The full conditional distributions are
given, for all i € {1,...,m}, by

T2 (u; = 1)

o221 (u; = 1)}
o2+ n;T?

2 2
vi‘uiaﬁagaTaDNN[ 2 2
o° + T

1 1
ui‘IB7027T27p7D ~ Bln(17@)7 p’uvD ~ B(Z + §7m —z + 5)7
Blu,o?, 7%, D ~ N[(X'S X)X Sy, (X2 X) 7Y, (7.7)

1 1w
2w, v, D ~ IG[g{z—I(z >a)}+b1(z < a),§Zuiv?+bgl(z < a)},
i=1

o?lv.8.D ~ 1G[L(N - 1),

SN 1), Ly~ XB— Zv)(y ~ X8~ Zv)|,

where

m
2= w, By =diag(Suu, .., o)
=1

with

Yiw= G2Im + uanmlf”,
y=(yl,...,y), X = (X1,...,X ), and p; is given in (7.2). Using these expressions of
full conditional distributions, we can easily draw posterior samples of all the variances and
parameters to make inferences, such as point estimation, prediction intervals and standard
errors, for p; = !B+ v;.

In closing of this section, we discuss the choices of a, b; and by in the posterior distribution
of 72. Remember that the prior distribution of 72 is non-informative and improper when
z > a and informative and proper when z < a. Taking this into account, we should select a
value of a as small as possible. Hence, it follows from Theorem 7.1 that ¢ = 5 is the most
reasonable choice. On the other hand, as discussed in Datta and Mandal (2015), a reasonable
choice is by = V + 2 and by = V(V + 1) such that E(72|z < a) = V and Var(72|z < a) = V2,
where V' is the estimated sampling variance given by

1 m Ny - ~ N
V= Nom—q Z Z{yij — 4 — (zij — ®)'Bors

i=1 j=1

Here, BOLS is the ordinary least squared estimator of 3. It should be noted that V satisfies
E(V) = o2
7.2.8  Prediction in finite populations

Here, we consider the problem of predicting the means in finite populations. Assume that there
exist m finite populations and the ith population consists of N; pairs of data (Yi1, i), - - ., (Yin,, Zin, )-
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It is supposed that n; (< N;) observations are sampled from the ith population. What we
want to predict is the mean of the ith finite population Y; = (Y1 + -+ Yin,)/Ni. Assume
also that the mean vector of covariates X; = (x;1 + - - - + x;n,)/N; is available, which is often
encountered in real application, see Battese et al. (1988).

Let s; and r; be collections of indices of sampled and non-sampled observations in the ith
area, respectively, so that s; and r; satisfy s; Nr; = ¢ and s; Ur; = {1,... N;}. Without loss
of generality, we assume that s; = {1,...,n;} and r; = {n; +1,..., N;}. The Bayes estimator
of Y; under quadratic loss is given by

B(Viy:) = - {ntio + (Vi = n) Bl },

where

_ 1 - 1
o= 2 T Vo= 5 T
nl . X 1 n’L . X
JES; JET;
For evaluating the conditional expectation E(}_fi(r)\yi), we assume that Y;; is expressed, for
each j € r;, by
Yij = @8+ vi + e,
that is, the non-sampled observations have the same data generating structure as the sampled
ones. Then the unobserved mean Yj, is expressed as

where

Thus the conditional distribution of }71‘(1") given y, and u; is

(ui = 1)7%7‘2

> I I(u; = 1)o?7? o?
~t — _t i
Yiolyi wi ~ N [:ci(,,)ﬂ + s (y: —x;B), g N = m] , (7.8)
which yields the predictive density of fﬁ-m given by
2 2,2 2
= ~ _¢ n;T _ o°T o
Yiiry|yi ~ i N[mi(r)ﬂ + m(yz —z;0), g + N = nj
2
~ _t o
+ (1 - pz) N|:$Z(T),3, Nz — 9

where p; is the posterior probability of u; = 1 given in (7.2). Thus the conditional distribution
of the non-sampled data is a mixture of the two normal distributions of the predictive density,
with and without random effect. Moreover, the conditional variance Y’im given y, is calculated
as Vi(y;) +02/(N; —n;), where V;(y,) is the posterior variance of v; given in (7.3). It is noted
that, when the true mean vector of the explanatory variables X; is available in each area, the
value of &;(, is easily obtained by

1

Zi(r) =

To implement the prediction in the finite population model, we regard the E(r)’s as latent
variables and add the sampling step from (7.8) to the Gibbs sampling given in (7.7).
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7.3 Numerical studies

7.3.1 Model-based simulations

In this simulation study, we compared the UNER model with the conventional NER model
in terms of the quality of the estimates. In applying the NER model, we used the Jeffreys
prior on (3,72%,02), namely 7(3,72,02%) = 77107, where it is well-known that the resulting
posterior distribution is proper; see Berger (1985). The full conditional posterior distributions

are given by

,7_2 . 0_27_2
vilB, 0%, 7° DNN[W(%—%,B)?W ;oi=1...m
B|m%0%, D ~ N [(X'Z' X)) X!'2y, (XTE71 X)),
1 1 & (7.9)
2 2
7%v, D ~ IG(i(m— 1),22;01-),
1=

oo, 8,0 ~ IG[L(N 1), L (y ~ Xp — Zv)'(y ~ XB — Zv)),

where ¥ = diag(X4,...,3,,) with 3; = O'QInZ. + 721, 1t . We considered the following data

ni=n;*

generating process: for all j € {1,...,n} and i € {1,...,m},
Yij = Bo + Brzij + vi + €44,

where ¢;; ~ N(0,1), Bo =1, 1 = 0.5, and the z;;’s are U(1,2) and fixed through simulation
runs. Four combinations of (n,m) were considered, namely (n,m) = (5, 20), (5,40), (10, 20),
(10,40). For the true distributions of v;, we considered the following four scenarios for each
choice of (n,m), viz.

S1: v; ~ N(0,(0.7)%),  S2: v; ~ 0.350(v;) + 0.7N][0, (0.7)?],
S3: v; ~ 0.360(v;) + 0.7£[0,(0.7)%],  S4: v; ~ 0.360(v;) + 0.7t6[0, (0.7)?],

where tg(a,b) and L(a, b) denote the scaled ¢-distribution with 6 degrees of freedom with mean
a and variance b and the scaled Laplace distribution with mean a and variance b, respectively.
Hence, UNER is misspecified in scenarios S3 and S4, and over-specified in scenario S1.

Based on R = 1000 simulation runs, we computed the mean squared errors (MSE), abso-
lute bias of j1;, and empirical coverage probability of the 95% credible interval of y;, which
are respectively defined as

_ 1 NA¢ W) LAY )
MSE—mRzlg , BlaS—mR;;]ui

1 R m (

— I(p ECIT)xloo,

mR;;

(r)

where [i; ugr) and CIET) are the posterior mean, the true value, and the 95% credible
intervals, respectively, of u; in the rth simulation run. In each iteration of the simulation run,
we used 5000 posterior samples after 1000 initial iterations for both UNER and NER.
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Table 7.1: Simulated MSE, Bias and Coverage Probabilities (CP) of UNER and NER in
Different Scenarios.

UNER NER
(n,m) Scenario MSE Bias CP MSE Bias CP
(3,25) S1 0.278 0.419 92.3  0.265 0.408 92.3
S2 0.165 0.308 93.6 0.176 0.320 93.4
S3 0.1566 0.293 93.3 0.166 0.309 93.2
S4 0.163 0.301 93.9 0.172 0.313 93.8
(3,50) S1 0.248 0.396 93.2 0.242 0.388 93.2
S2 0.126 0.252 94.3 0.136 0.267 94.3
S3 0.128 0.245 93.6  0.140 0.261 93.6
S4 0.130 0.258 94.6  0.140 0.272 94.3
(6,25) S1 0.160 0.319 93.7 0.154 0.313 93.7
S2 0.088 0.215 94.1 0.098 0.235 94.1
S3 0.088 0.217 93.7  0.103 0.239 93.7
S4 0.094 0.221 93.8 0.104 0.240 93.8
(6,50) S1 0.144 0.302 94.3 0.141 0.299 94.3
S2 0.076 0.206 94.5  0.095 0.229 94.5
S3 0.071 0.180 94.3 0.091 0.216 94.3
S4 0.077 0.191 95.1 0.088 0.216 95.1

The results are given in Table 7.1. In scenario S1, both the MSE and absolute bias of
UNER are larger than those of NER since UNER is over-specified. However, as the number
of n and m get large, the difference of these values gets small. For the other scenarios, we can
observe that UNER clearly performs better than NER in terms of MSE and absolute bias,
and the differences get larger as n and m get larger. Finally, it is observed that the coverage
probability of credible intervals are similar in UNER and NER. Hence, we can conclude that
UNER is expected to be a useful tool when m and n are moderate or large.

7.8.2  Application to PLP data in Japan

This example, primarily for illustration, we used the UNER model (7.1) and data from the
posted land price data along the Keikyu train line in 2001, which were treated in Section
5.4.3. For all j € {1,...,n;}, let y;; denote the log-transformed value of the posted land price
(Yen) per for square meter of the jth spot, T; is the time it takes from the nearby station
i to Tokyo station around 8:30 in the morning, D;; is the geographical distance from spot j
to station 7 and FFAR;; denotes the floor-area ratio, or ratio of the building volume to the
area at spot j. These values of T, D;; and F'AR;; are also transformed by the logarithmic
function. We applied the following UNER model:

Yij = Bo + FAR;; 81 + T; B2 + D;j 53 + v; + €45,

7.10
vil(us = 1) ~ N(0,72), vl (u; = 0) ~ bo(vy), (7.10)

where the ¢;;’s are independent and identically distributed as NN (0, 02). For comparison, we
also applied the conventional NER model to this data set.
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In applying the UNER model, we used the prior distribution with ¢ = 5 and by =V +
2,bo = V(V +1) for V= 0.031 as discussed in the end of Section 7.2.2. In both models, we
generated 100000 posterior samples after 10000 iterations of Gibbs sampling given in (7.7)
and (7.9), respectively, and obtained the posterior means as well as the 95% credible intervals
of the model parameters, which are given in Table 7.2. Moreover, based on the posterior
samples, we computed the Deviance Information Criterion (DIC) suggested by Spiegelhalter
et al. (2002), which is defined as

DIC = 2D(g) - D(§).

where ¢ is a vector of the unknown model parameters, D(¢) is (—2) times the log-marginal
likelihood function, and D(¢) and ¢ denote the posterior means of D(¢) and ¢, respectively.
Note that ¢ = {B,72,02,p} in the UNER model, and ¢ = {3,72,02} in the NER model,
which are given in Table 7.2 as well.

Table 7.2 shows that the posterior estimates and credible intervals of the regression coef-
ficients B1, ..., B4 are similar between UNER and NER, and in both models, all the credible
intervals of the regression coefficients are bounded away from 0. On the other hand, the results
for the variance components 72 and o are different because of the effect of the parameter p.
In terms of DIC values, the UNER model seems preferable to the conventional NER model.

To see the effects of u;, we computed the posterior probabilities p;’s which are illustrated
in the left panel in Figure 7.1. It is apparent that the p;’s change dramatically from area
to area, and the p;’s in most areas are around 0.5, which comes from the posterior mean of
p = 0.54 as shown in Table 7.2.

We next considered estimating the land price of a spot with a floor-area ratio of 100% and
a distance of 1000m from the station 4, namely

wi = Po + FARyS1 + T B2 + Dof3 + vi,

for FARy = log(100) and Dy = log(1000) in base 10. Based on the posterior samples, we
calculated the point estimates fi; and the posterior standard errors. The results are given in
the right panel of Figure 7.1. Note that the mean of the posterior standard errors for all areas
in UNER and NER are 6.5 x 1072 and 6.8 x 1072, respectively.

We also computed the length of the prediction intervals of u;, and found that the results
are similar to standard errors. It is clear from Figure 7.1 that UNER provides better es-
timates than NER in terms of posterior standard errors in most areas. In some areas, the
posterior standard errors of UNER are larger than those of NER when correspondingly the
posterior probability p; is larger than 0.7 as shown in the left panel of Figure 7.1. Thus the
uncertain random effects may increase the variability of predictors compared to the conven-
tional random effects in the areas where the existence of random effect is strongly supported.
This phenomenon was pointed out by Datta and Mandal (2015) for the Fay-Herriot model.
However, taking the DIC values into account as well, the UNER model works well in this
application.

7.8.8 Design-based simulation

We next investigated the numerical performance of the small area prediction problem in the
framework of a finite population. We again used the PLP data in the Kanto region in 2001,
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Figure 7.1: Posterior Probability of u; = 1 (Left) and Standard Errors of p; (Right) in Each
Area.
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Table 7.2: Posterior Means and Credible Intervals of the Model Parameters, and DIC.

Bo b1 B2 B3 o? 2 p DIC
95%CI (upper) 15.16 0.24 —0.53 —0.051 0.041 0.071 0.99
UNER mean 14.55 0.17 —0.61 —0.091 0.033 0.017 0.54 512.6
95%CI (lower) 13.88 0.11 —0.69 —0.131 0.026 0.002 0.05
95%CI (upper) 15.17 0.24 —0.53 —0.050 0.20 0.117 -
NER mean 14.52 0.17 —-0.61 —-0.089 0.18 0.075 — 703.1
95%CI (lower) 13.88 0.10 —0.69 —0.132 0.16 0.031 —

which includes the prefectures of Tokyo, Kanagawa, Chiba and Saitama. Thus the data set
includes the PLP data along the Keikyu line used in the previous subsection. The full data
set we used is the land price data with covariates (7;, D;; and FAR;; as used in the previous
study) and each data point has its unique nearest railroad station, which we regard as a small
area.

For the ith small area (i = 1,...,m), there are N; land spots. To consider all the observed
land price data in each small area in the framework of a finite population, we analyzed only
the data which belong to the small areas that have a moderately large number of data points,
namely we chose the areas ¢ with IV; > 20. Then the resulting number of finite populations is
m = 30, and the population sizes N;’s range from 20 to 45, but most NV;’s vary around 25.

We artificially made the sampled data set and predict each finite population mean of
the land price by applying UNER. The sampling scheme is simple random sampling without
replacement in each finite population and n; data are sampled in the ith finite population.
The sample sizes n;’s are decided by some ratio 0 < 7 < 1 and 1007 percent of the data in
each population are sampled, i.e., n; is the nearest integer to N; x m. We considered four
choices for 7, namely 7 = 0.3,0.5,0.7,0.9. In each case, we computed the squared root mean
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squared errors for estimators of finite population means as

R
1 ~(7T
SMSE; = | 5 Y (A" — w)?,

r=1

where ﬁlm is the estimator of the finite population using UNER or NER, and R = 1000 in
this study. For both UNER and NER, we calculated ﬁgr) by 5000 posterior samples after 1000
iterations using the method discussed in Section 7.2.3. In the UNER estimation, the same
form of the prior distribution as in the previous section was used, namely a = 5,6y =V + 2
and by = V(V + 1) for estimated sampling error V.

To compare values of the SMSE for the two models, we then computed the ratio of SMSE
given by SMSEYNER /SMSENER | and provide their values in Figure 7.2. Tt is observed from
Figure 7.2 that UNER provides better estimates than NER in some areas, but worse estimates
than in several areas for the four cases of m. Moreover, it is also revealed that an improvement
of UNER over NER becomes greater as the sampling rate 7 gets larger.

7.4 Proof of Theorem 7.1.

Let 7* be the right side of (7.6). For part (a), we shall show that

Z /7r*('v, u,B,0%, 7%, p|D)dvdBdo*dr?dp < oo,
ue{0,1}™m

namely the integral for each w is finite. We first prove for the case u = (0,...,0)!. In this
case, the integral reduces to

_ . 1 m ng
/(0_2) (N+1)/2(1 _p) 1/2 exp{ _ T‘_Q ZZ(y” _ $§jﬁ)2}d/3d0'2ddp

i=1 j=1

Note that

where B(a,b) is a beta function. Then the integral is finite since the posterior distribution of
the usual linear regression for the Jeffreys prior is proper if the conditions given in Theorem
7.1 are satisfied.

For the integral in the case z > 1, using p>~1/2(1 — p)™~*~1/2 < 1, it is sufficient to show
that

/ﬂu(v,a2,72,ﬂ)dvdﬂd02d72 < 00,

for
Tu(v,0%,72,8) ifz>a

7.11
mwo(v,0%,72,8) if0<z2<a ( )

7Tu('v7 027T27/B) = {
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Figure 7.2:

where

and
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To show the integrability of m,; and w2, we consider the case of w with u; + -+ + u,, = k.
Without loss of generality, we assume that u; = 1 for ¢ = 1,...,k and u; = 0 for ¢ =
kE+1,...,m. Then (v, 02,72, 3) can be rewritten as

7Tu1('U, 027 TQHB)

k ng 2
= (o P R e { - s Do = oy - 53]

<[ 1 exp { ‘Q;i@z‘j—“’% ) (o)
| e

i=k+1
We define an N-dimensional vector s(v.) = (s(1)(vx)", 3(2))t as
sy (vs) = ((y1 —viln))' -, (Yg — vln,)")
and s(9) = (Y}, 1, -, Yh)" for v. = (v1,...,v)". Then, if N > ¢, we have
a0 72 pas (712)

¢ k
2\ —(N—g—1)/2—1/_2\—(k—1)/2—1 _ s(v.)' As(vs) 1 2
x (o) () exp { - SRR - > }

where A = I'y — X (X'X)~1X". The right-hand side is integrable with respect to ¢ and 72
since N > ¢+ 1 and k > a > 1, whereby we obtain

/7ru1(v,02,72,,8)d,8d02d72 X 1 (V4) H do(vi),
i=k+1

where
T (v:) = {8(v.)! As(v,)} VD2 (ply,) "D/,

In what follows, we show that ;1 (v,) is integrable. To this end, we note that

/ ﬂul(v*)dv:/ ﬂul(v*)dv—i—/ Tu1 (Vs)dv,
RF viv,.<1 viv,.>1

and we evaluate the two integrals separately. For the first term, since A is idempotent and
rank(A) = N —q (> 0), there exists c¢(y) > 0 such that s(v,)!As(v,) > c(y) for all v,. Then
we have

/ 71 (vy)dv < c_(N_q_l)/Q/ (vlv,)~*=D2qy
viwv,<1 viv,<1

1
:C—(N—q—l)/2v(Sk)/ (r2)~=D/2(,2) k=2 < o,
0

where V(S¥) is the volume of the unit sphere in R¥. For the second term, it follows that

/ Tt (V) dv = / {s(v,)! As(v,)} " WN=071/2 (gl )~ k=112 gy,
viv,>1 vive>1
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Since s(v4)! As(v) is a quadratic function of v,, the integral is finite provided that N > ¢+2.
For the integrability of 7,,, we carry out integration with respect to 3,02 and 72 to get

/ﬂuz(U,UQ,TQ,,B)d,@dO'2dT2 X Ty2(Vy) H 00 (v;).

i=k+1
Since for N > ¢+ 1,

Tu2(vy) ={s(v,)! As(v,)} VD2 (ply, 4 2by)7F/2~01
SC_(N_q_l)/2(2bg)_k/2_b1,

it follows that m,o(v.) is integrable so long as N > ¢ + 1. Thus the proof of part (a) is
established.

For the proof of part (b), it is sufficient to show that the posterior second moments are
finite. Since the statement for p is clear, we establish the result for 3,02 and 72. As in the
proof of part (a), we consider the three cases where z > a, 0 < z < a and z = 0. By replacing
N + 1 in expressions of m,1, Ty and 7,3 with N + 5, it follows that E{(0?)?|D} < oo when
N > q+6.

For E(BB'|D), we first note that

Bﬂt exp |:_ {3(’0*) - X,Gz}t{QS(’U*) — X,B}:|d5
R4 o
=o)X X |71/? exp{ _ W}(th)l

x {0?T, + X's(v.)s(v,) X (X' X))
=(0*)Ih(X, s(v.),0%)
+(0)Ph(X, 5(v.),0%) X s(v.)s(v.) X (X' X) 7,
for )
B(X, 8(v.),0%) = X X[ 2 exp { = 55 8(v.) As(v,) HX"X) 7
202
Then it follows that

[ 98 mato.8,0% Ptvigisar
x I, [ {s(v.) As(v,)} V=032 (plp, )~ (E=1/2gy
Rk

+ X's(v.)s(v.) Xy (vs)dv.
RF

Since v,v! < (viwv,)I,, the second term is finite if k¥ > 5 for all k£ > a, namely a > 5. The
first term is also finite whenever N > g + 4.
For the cases 0 < z < a and z = 0, we can similarly show that

/ﬁ,@tﬂu2<v,,8, o2, 7% dvdBdo?dr?* < 0o
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and

/ BB T (v, B, 0%, %) dvdBdodr? < oo

under the conditions given in Theorem 7.1.
Finally, for E{(72)%|D}, it follows that

/(7—2>27ru1 (v, B, 02, Tz)dvdﬁd02d7'2

O(/(0_2)—(N—p—1)/2—1(7_2)—(k—5)/2—1

k

3(”*)tA3(”*> 1 2 )

X exp{ - T - 277_22?}1 }d’vd’T do
=1

O‘/ {5(v.)! As(v.)} V2D () "D 24y

which is finite provided that £ > 5 for all £k > a, namely a > 5. In the cases 0 < z < a and
z =0, it is integrable if

/ (7'2)277*(7'2)d72 < 00,
0

which can be established since b; > 3. Thus the proof of part (b) is complete.






Chapter 8

Empirical Uncertain Bayes Methods

8.1 Introduction

While Datta and Mandal (2015) proposed the uncertain random effects in the traditional
Fay-Herriot model, the model is restrictive and it cannot be used for count or binary data.
Hence, in this chapter, we focus on mixed models based on the natural exponential family as
introduced in Section 4.3. To implement the idea of uncertain random effects in this context,
we rewrite the uncertain random effect model as the hierarchical form:

yilbi ~ N(0,D;), 6i](si =1) ~ N(ziB,A), 6;](s; =0) = x{B.

This means that one of the two distributions N(z!3, A) and the one point distribution on z!3
is randomly selected for the prior distribution of 6; in each area. In this paper, we naturally
extend the idea to the NEF-QVF family. Since there exist the conjugate priors for the natural
parameter #;, we introduce the uncertain prior for #;, a mixture distribution of the conjugate
prior and the one-point distribution on the synthetic mean.

For estimating area means under the model, we here develop an empirical Bayes (EB)
approach while Datta and Mandal (2015) considered a hierarchical Bayes (HB) approach.
In the normal case as considered in Datta and Mandal (2015), a full Bayesian approach is
relatively attractive since all the full conditional distribution of the model parameters as
well as the random effects have familiar forms, so that we can efficiently sample from the
posterior distribution using a Gibbs sampling. However, in the non-normal case, the posterior
distribution of the model parameters are not necessarily in familiar forms, so that we need to
rely on an inefficient sampling algorithm such as a Metropolis-Hastings algorithm. Moreover,
the HB approach requires checking prior sensitivity and monitoring the convergence of the
MCMC algorithm. As suggested in Datta and Mandal (2015), the use of non-informative
(improper) enables us to avoid subjective specification of priors, but the posterior propriety is
not straightforward under non-normal cases. On the other hand, the empirical Bayes approach
can enjoy easily computing point estimates of model parameters and Bayes estimator without
requiring prior distributions. Since one of the greatest purposes in small area estimation is
point estimation, the EB approach is more attractive in this case.

Owing to the conjugacy of the prior distribution, we can easily establish the Expectation-
Maximization (EM) algorithm for maximizing the marginal likelihood function to get the
estimates of model parameters. Using the estimator, we derive the the empirical uncertain

133
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Bayes (EUB) estimator of the area mean. For calibration of uncertainty of the EUB estimator,
we consider the conditional mean squared error (CMSE) and derive the second-order unbiased
estimator motivated from the work of Booth and Hobert (1998), Datta et al. (2011) and
Sugasawa and Kubokawa (2016a). As typical examples, we handle three models, namely
the Fay-Herriot model for continuous data, the Poisson-gamma and binomial-beta models for
count data. It is shown that the shrinkage property pointed out in Datta and Mandal (2015)
in the Fay-Herriot model still holds in both the Poisson-gamma and binomial-beta models.
That is, the shrinkage coefficient in the EUB estimator decreases as the y; gets close to the
synthetic mean.

This chapter is organized as follows. In Section 8.2, we provide the detailed description
of the proposed model, the EM algorithm for parameter estimation and three examples. In
Section 8.3, we derive the second order unbiased estimator of CMSE for risk evaluation of
the EUB estimator. Simulation studies and empirical applications are given in 8.4 and 8.5,
respectively.

8.2 Empirical Uncertain Bayes Methods

8.2.1 Model setup and uncertain Bayes estimator

Let y1,...,ym be mutually independent random variables where the conditional distribution
of y; given 6#; belongs to the the following natural exponential family:

Yil0: ~ f(yil0:) = exp{ni(0:yi — ¥(6:)) + c(yi, ni) }, (8.1)

where n; is a known scalar parameter and is not necessarily corresponding to the sample size
in the ith area. As the prior distribution of 6;, we set the uncertain random structure treated
in Datta and Mandal (2015). Let sq,..., s, be mutually independent and identical random
variables distributed as

P(s;=1)=p, P(si=0)=1-p.

The prior distribution of 6; is given by
0i|(si = 1) ~ m(0:) = exp {w(mib; — (6:) + Cv,mi)}y,  0il(si = 0) = (¢) " (mi), (8:2)

where v is an unknown scalar hyperparameter, C(v,m;) is the normalizing constant and
W' (t) = dip(t)/dt. In our settings, we consider the canonical link

m; = ¢/ (ziB),

where x; is a ¢ X 1 vector of explanatory variables, 8 is a ¢ x 1 unknown common vector of
regression coefficients. The function f(y;|0;) is the regular one-parameter exponential family
and the function 7(6;) is the conjugate prior distribution. Then the unknown parameter in
two-stage model (8.1) and (8.2) are ¢ = (8%, v, p)’. The quantity of interest in this paper is
the conditional expectation of y; given 6;, defined as

1 = Elyi|6;] = ¥'(67),
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noting that s;|(s; = 0) = m; from (8.2). For ¢ (t) = d*y(t)/dt?, we assume that " (6;) =
Q(pi), namely,
!
0; i
Vot — 100 _ Q)

n; g

with Q(z) = vo + v1z + voz? for known constants vg, v1 and vy which are not simultaneously
zero. This means that the conditional variance Var(y;|0;) is a quadratic function of the
conditional expectation E[y;|0;]. Similarly, the mean and variance of the prior distribution
given s; = 1 are

Q(m;)

I/—UQ.

E[ui|s; = 1] =m;, Var(uls; =1) =
The joint density (or mass) function of (y;, 6;,s;) is

9(i, 05,50 = 1) = f(yal0)m(0:),  g(ys, 05,50 = 0) = 69, ()" (ma)) f (il6s),

where dg, (a) denotes the point mass at 6; = a. Then the joint distribution of (y;, ;) and the
marginal distribution of y; are both mixtures of two distributions:

9(yi, 0:) = pf (il0:)m(6:) + (1 — p)da, ((¥") " (ma)) f (wil6:),
fis @) = pfi(yi; @) + (1 —p) f2(vi; D),
where

filyi; @) = /f(yi|9i)7r(9i)d‘9iv fo(yis @) = f(wilb; = ()" (ma)). (8.3)

Since 7(#;) is the conjugate prior of #;, the marginal distribution fi(y;; ¢) and the conditional
distribution 7(6;|y;, s; = 1; ¢) can be obtain in the closed forms:

7(0slyi, si = 15 @) = exp { (n; + v)(n:0; — 1(0;)) }C(ni + v, n;),

L Cly,my)
fl(yla¢) - C(TLZ +V777i> exp {C(ylynl)}7
where nays + vm
ey — Y i
i —nz(yzvqb) ni + v
The conditional distribution of s; given y; can be obtained as
Pls; = 1y ¢) = P10 £ = 1— P(s; = Oly:; ).

fysd) — p+ (1 —p)fa(ys @)/ f1(yi; D)

To obtain the Bayes estimator of u;, we note that

E [pisi, yi; @) = m; + (yi —mg)I(s; = 1), (8.4)

(2
V+n;
where I(+) is an indicator function. Hence the Bayes estimator of f; is

n;

iYir ®) = Blpilys; ¢] = B [B (uilsi, yis @) vz ¢ = mi + ——-

(yi —mi)ri(yi, &),  (8.5)

where
D

ril ) = P = 0 ) = ) ot 9 (v )
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It is observed that 7;(y;, ¢) increases in p and decreases in the ratio fo(y;; @)/ f1(yi; ). In
what follows, we use the abbreviated notations ji; and r; instead of f;(y;, ¢) and r;(yi, @),
respectively, when there is no confusion. It is noted that the Bayes estimator (8.5) can be
expressed as

i = Yi — {1 - Zlniri(yi’d))} (yi —my),
which shrinks the direct estimator y; toward the regression (or synthetic) part m; = ¢/ (x!3),
and the shrinkage function depends on y; through r;. On the other hand, in the classical
two-stage model as used in Ghosh and Maiti (2004), the shrinkage function does not depends
on the observation y;, which is sometimes not flexible for real data analysis. It should be
noted that r; = 1 when p = 1. Thus, the suggested method includes the classical method as
well as it has the shrinkage function adjusted by y; which arises from introducing the weight
parameter p. Moreover, when the prior is completely singular, namely p = 0, it follows r; = 0
and the resulting Bayes estimator is m;. We call the estimator (8.5) under the prior (8.2) the
uncertain Bayes estimator in order to distinguish from the conventional Bayes estimator.

8.2.2  Mazimum likelihood estimation using EM algorithm

Since the uncertain Bayes estimator (8.5) depends on the unknown model parameter ¢, we
need to estimate them for practical use. A reasonable method is the maximum likelihood
(ML) estimator which maximizes the marginal distribution of y;. Since the marginal density
is the mixture of the two distributions f(y;; @) = pf1(vi; @)+ (1—p) f2(yi; @), the ML estimator
is the maximizer of the log-likelihood function

L(¢) = log{pfi(yi:d) + (1 — p) f2(yi; )} - (8.7)
=1

To compute the ML estimate, we propose Expectation-Maximization (EM) algorithm (Demp-
ster, Laird and Rubin, 1977) which maximizes the objective function (8.7) iteratively and indi-
rectly. From (8.1) and (8.2), the complete log-likelihood function L¢(¢) given (y;, 6;, Si)i=1,...m
is

L) =Y {na(Bays — 0 (6:)} + Y si {v(mibi — 9 (6)) + C (v, ms)}
i=1 =1

+) {silogp+ (1 —s;)log(1 —p)}.
=1

In the rth iteration, we first compute the expectation of the complete log-likelihood E("[L¢()]
at the E-step, where E(") denotes the expectation with respect to the conditional distributions
(6;, si)|y; with hyperparameter values ¢"). Then the objective function to be maximized at
the M-step in the rth iteration is

QU (@) = EV[L(@)] = Y- rilys. 6) {vmiB) [Bi]si = 1] — vEO[p(8:)]s: = 1 + Clv.mi) }
i=1

+ 3 {ritsi, 0 lowp + (1 = rili, 67 log(1 — p) },
i=1
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which yields the updating algorithm as

m

(BT ) = argmaxg, > ri(ys, 6707 (8, v)
oA (8.8)
1
P = =3 i 60),
i=1

where hlm (B,v) = vm;EM[0;]s; = 1] — vEM[1)(6;)]s; = 1] + C (v, m;). Since the prior distri-
bution of #; given s; = 1 is conjugate, the posterior distribution of #; given s; = 1 belongs to
the same family as the prior distribution, and we can easily generate samples from the distri-
bution in common models as demonstrated in the subsequent section. Hence, the calculation
of two expectations E([6;]s; = 1] and EM[+/(6;)|s; = 1] given in the E-step is easy to carry
out. We summarize the EM algorithm in the following.

Algorithm 8.1 (EM algorithm). Iterative,
1. Set the initial value ¢(0) and r = 0.
2. Compute BT [0;|s; = 1] and EW)[(6;)|s; = 1] using the current parameter value ¢,
3. Update the parameter value as ¢ based on (8.8).

4. If the difference between (j)(r) and (;’)(TH) is sufficiently small, then the estimate is given
by ¢(r+1). Otherwise, set r =r + 1 and go back to Step 2.

Finally, substituting qAb into the UB estimator, we get the empirical uncertain Bayes (EUB)
estimator n
~ ; —~

where m; = W(a:f,@)

8.2.8 Some examples

Here we provide three typical models often used in practice and investigate properties of the
UB estimators with detailed expressions of E-step and M-step in the EM algorithm.

[1] Normal-normal (Fay-Herriot) model. The Fay-Herriot model (Fay and Herriot,
1979) is an area-level model frequently used in small area estimation, given by

yi|0i~N(¢9i,Di), 0i|(8i:1)NN(ZD§,3,A), 1= 1,...,m,

corresponding to n; = D; 1 vy = 1,1 = vg = 0,v = A~ and ¥(6;) = 6?/2 in (8.1) and (8.2).

)

This model was studied in Datta and Mandal (2015) in terms of Bayesian perspectives. The
marginal distributions of fi(y;) and fo(y;) in (8.3) are given by

Y 1 (yi —mi)? oy 1 (yi —mi)?
Ny @) = (AT D) eXP( 2(A+DZ-)>’ fa(yi; &) = m@m( T )

(8.10)
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so that 7;(y;, p) is obtained from (8.6) as

. —my)? o
ri(Yi,p) =P {P+ (1-p) ! JlgiDz P (_%) } 7

which coincides with the result given in Datta and Mandal (2015). It is clear that r;(y;,p)
takes small values when y; is close to m;, corresponding to the case where y; is well explained
by m; without random effects.

Regarding the parameter estimation via the EM algorithm in the Fay-Heriot model, the
objective function at the M-step is

Q(” (B, A) Zr {logA—l—fll@Zm —wf,@)2},

where ’I“Z(T) = ri(y;, BT, A" p()) and OZ(T) = (AMy; + Dixf,@(r))/(A(’") + D;), so that the
updating step for 3 and A is written as

-1 m m
7'+1 (Z (r) ;X ) Zﬁ(r)ez(r)mi’ Alr+1) %Z <0Z§r) . ma@(r—&-l))Q‘

i=1 =1

[2] Poisson-gamma model. Let z1,..., 2y, be mutually independent random variables
having
Zz|>\z ~ PO(TLZ)\l), >\z|(51 = 1) ~ Ga(umi, l/)

where Aj,..., A\, are mutually independent, Po()\) denotes the Poisson distribution with
mean \, and Ga(a,b) denotes the gamma distribution with density f(z) x 2% ! exp(—bx).
Let y; = z;/n; and logm; = x!@ for i = 1,...,m. Then, the notations in (8.1) and (8.2)
correspond to v; = 1, vg = vy = 0 and 9 (6;) = exp(#;). The marginal distributions of fi(y;)
and fo(y;) are given by

. . ) niYi vmy; . \ViYi
[y @) = Llniy + vmi) < n ) < z ) , f2(yz‘§¢):wexp(_nimi)

L(niys + 1)(vmg) \ni +v ni +v (niy:)!
(8.11)
where I'(+) denotes a gamma function, so that 7;(y;, p) is written as
I'(vm;) exp(—n;m;) I
. . — 1 _ . n;Y;+rvm; ﬂlyl vm; . 812
ri(yi,p) =p {p+ (1-p) N CT— (ni +v) m; Y (8.12)

Unlike the Fay-Herriot model, it is not clear when r;(y;, p) takes small values as a function of
yi- To see this property, let h(z;) = (n; + v)%™im> /T (z; + vm;). It is noted that r;(y;, p)
depends on z;(= n;y;) through h(z;). It follows that

h(z +1)  nim;+vm;
h(z;) zi +vm;

so that we have h(z;) < h(z; + 1) for y; < m; and h(z;) > h(z; + 1) for y; > m;. Then, when
y; is close to m;, h(z;) takes a large value, which results in a small value of r;(y;,p). This
observation is similar to the case of the Fay-Herriot model.
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The objective function at the M-step in the EM algorithm can be expressed as

Q" (B,v) Zn (i, 87, v, pt" )){Vmilogv—logF(Vmi)

+Vmi/ (1Ogt)fF(t;niyi+V(T) E)ynﬂr’/( ))dt—’/
0

n;y; + V(T)ml(-r)
n; + p(r) ’

where fr(-;a,b) denotes the density function of Ga(a,b). It should be noted that the integral
given in the objective function can be easily calculated by generating samples from Ga(n;y; +
v n; + ()

7 ' .

[3] Binomial-beta model. Let z1,..., 2z, be mutually independent random variables
having
zi|pi ~ Bin(ni, pi),  pil(si = 1) ~ Beta(vm;, v(1 —m;)),

where p1, ..., pn, are mutually independent, Bin(n,p) denotes the binomial distribution and
Beta(a, b) denotes the beta distribution with density f(z) oc 227 1(1 — 2)*~1. Let y; = 2z;/n;
and m; = exp(z!B)/(1 + exp(z!B)) for i = 1,...,m. Then the notations in (8.1) and (8.2)
correspond to vg = 0, v1 = 1 and vo = =1, p; = p; = exp(6;)/(1 + exp(h;)) and ¥ (6;) =
log(1 4 exp(#;)). The marginal distributions of fi(y;) and fa(y;) are

filyi @) = ( i ) B(vmi + niyi, ni(1 — yi) + v(1 —my))

R L niYi ni(1-y;)
Q) = 1- ,
iy Blvms, (1 —my) - Salui é) < )m’ (1=ms)

niYi
where B(-,-) denotes a beta function, so that r;(y;, p) is written as

rilyip) = pAp+ (1—p) B(vmi, v(1 —m;)) mlYi(1 — m,)ni(l—yi) !
o B(vm; 4+ niyi,ni(1 — yi) + v(1 —mg)) " ' '

Using the same arguments as in the Poisson-gamma model, we consider the function h(z;) =
m; (1 —m;)™ =% /| B(vm; + 2z, ni — zi +v(1 —m;)). Then the straightforward calculation shows
that

h(zi + 1) _my {nl —zi— 14 l/(l — ml)}

h(ZZ) (1 — ml)(umz + Zl)
whereby h(z;) < h(z +1) for y; < m;(1 —n; ') and h(z;) > h(z +1) for y; > m;(1 —n; ).
Thus, when y; is close to m;, h(z;) takes a large value, which results in a small value of
ri(Yis p)-
The objective function at the M-step in the EM algorithm is expressed as

m 1
) = Yoo 8, o [ o) s o0
i=1

)

+u(l—my) /01 log(1 — ) fp(t;a\"”, b")dt — log B(vm;, v(1 — mi))},

where agr) = niyi+V(T)mZ(»r), bzm = ni(l—yi)—l—u(”(l—my)) and fp(-;a,b) denotes the density
function of the beta distribution Beta(a,b). The two integrals given in the above formula can

be easily computed by generating samples from Beta(agr), blm).
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In Figure 8.1, we draw the shrinkage function 7;(y;,p) as a function of y; for the three
models, where n; = 10, v = 10, m; = ¢/(8) at 8 = 0, and the solid, dashed and dotted
lines correspond to the three values p = 0.2, 0.5 and 0.8, respectively. It is observed from
Figure 8.1 that the shrinkage function in all the models are actually minimized at y; = m;
as discussed so far, and converges to 1 as y; goes away from m;. Especially, it is interesting
to point out that in the Poisson-gamma model, the shrinkage ratio is not symmetric around
y; = m;, while the other two models are symmetric around y; = m;.

Fay-Herriot Poisson-gamma Binomial-beta
o o
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© «©
S @
© ©
. o 7] =
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-1 -05 0 0.5 1 0 1 2 3 0 0.5 1
y y y

Figure 8.1: Shrinkage function 7;(y;, p) in the thee models with p = 0.2 (solid), 0.5 (dashed),
and 0.8 (dotted).

8.3 Risk Evaluation of the EUB Estimator

8.8.1 Conditional MSE of the EUB estimator

In practice, the risk evaluation of the resulting estimator is an important issue in small
area estimation. The unconditional mean squared error (MSE) is often used, but it is not
suitable in this context, because researchers are interested in the risk of the area-specific
risk in predicting p; under given y;. This philosophy was originally proposed by Booth and
Hobert (1998), and they suggested using the conditional MSE (CMSE) instead of the classical
unconditional MSE in the context of mixed model prediction. Since then, the CMSE has been
studied in the literature of small area estimation, including Datta et al. (2011a) and Sugasawa
and Kubokawa (2016). The CMSE of the EUB estimator is defined as

CM, (i, @) = E [(f1i — 1:)*|i; @]

noting that the expectation is taken with respect to the conditional distribution Y{_; ly; with
Yy = {Y1,--,Yi—1,Yit1,---,Ym}. Because [i; is the conditional expectation, the CMSE can
be decomposed as

CM; = Var(ui|yi; @) + E [(fs — 1) |ys; @] - (8.13)
We shall evaluate the two terms in the right hand side of (8.13).
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Concerning the first term in (8.13), owing to the quadratic variance structure of the
assumed model, we have
Var(u;lyi; @) = E [Var(uilsi, vis @)1yi; @] + Var (E[uisi, yis @l|yi; @) -
In the case of s; = 1, we have Var(u;|s; = 1,yi;¢) = Q(n;)/(n; + v — ve) for n; = E[u;|s; =
Lyyis @] = (niy; +vm;)/(ni + v). Thus,

Q(ni)

ng +vV —v2

Var(pilsi, yi; @) = I(s; = 1).

From (8.4), it follows that

Qi)

Nn; +vV — vy

7
vV+n;

Var(uilyi; ¢) = P(s; = 1lyis )+ Var (m—— (y=mi) [(s; = Dlyis ). (8.14)

Here it is observed that

ng
v+n;

(yi —m)I(si = 1)|ys; ¢> :(1/ Zini)Q(yi - mi)2E[I(5i =1) = 2rI(s; = 1) + 77 |ys; ¢]

) (a1 = ),

Var (ml +

where r; is given in (8.6). We thus get

2 O(n:
Rii(yi, @) = Var(pilyi; @) = wtm)? flni)Q (yi —mi)?ri(1 — ;) + n:;QV(m)w, (8.15)

which is of order O,(1).

Concerning the second term E [(A /7@)2\%‘] in (8.13), we approximate it up to sec-
ond order. For notational snnphcnty, let ¢ = (P1,.. ., Pgs bgt1, Pgr2)t for (é1,...,04)" = B,
¢q+1 = v and gzbq+2 = p. Let ¢ = (d)l, .. .,¢q,¢q+1,$q+2) be the ML estimator of ¢, where
(¢1, e ,qbq) ,8, ¢q+1 = v and q§q+2 = p. The asymptotic variance and bias of ¢ are,
respectively, written as

=E{@-9)6-9¢'}. B=E(s-9).
It is noted that € and B are of order O(m~!). Assume the following regularity conditions.

Assumption 8.1.
(i) There exist n,m > 0 such that n < n; <7 for alli=1,...,m.
(ii) The true value of the parameter ¢ is in the interior of ®, where ® is the parameter space.
(iii) The densities fq(yi; @) for a = 1,2 are three times continuously differentiable and satisfies
forj bk=1,...,q+2,
| fae,) Wis D) + | fa(o;00 Wi @) + | fa(s; 0000 (W5 D) < Clyi, @),

for fized ¢ and B[|C(y;, ¢)|*+°] < oo for some & > 0.
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The assumption (i) is a standard one in this context. For example, in the Fay-Heriot model
described in Section 8.2.3, the assumption corresponds to D < D; < D, i =1,...,m for some
D and D, which is usually assumed in the context of small area estimation (e.g. Datta et al.,
2005). The assumptions (ii) and (iii) are required for deriving the asymptotic properties of
the ML estimator of ¢ as provided in Lemma 8.1. It should be noted that the typical three
models described in Section 8.2.3 satisfy the assumption (iii), which can be demonstrated in
Section 8.6.

Since y1, ...,y are mutually independent, from Theorem 1 in Lohr and Rao (2009), we
can get the following lemma about asymptotic properties of estimators.

Lemma 8.1. For the ML estimator (75, under Assumption 1, it holds that \/m(;ﬁ—qﬁ) = 0,(1),
E{(@-9)(®~ )y} = 2+0,(m") and
E(¢ — ¢lyi) =B - QLj(p) (Yi, ®) + op(m ™),

where Lig)(yi, @) = OL;i(yi, ) /0 for Li(yi, @) = log{pfi(yi; @) + (1 — p) f2(vi; &) }-

Note that the conditional asymptotic variance of a& does not depend on y;, while the
conditional asymptotic bias depends on y;. Using Lemma 8.1, we can evaluate the second
term as

E [( — [u)°|yi] =E [{ﬁfw)(‘?’ - ¢)}2

] oo
= tr (Qﬂl((ﬁ)ﬁ:((f))) + Op(m_l)’

where i) = Of1;/0¢p. Let

Roi(yi, @) = tr (ﬂﬁi(qs)ﬁﬁ(@) : (8.16)
Since Ra;(yi, @) = Op(m™1), we obtain the following theorem.

Theorem 8.1. Let CM} (y;, ¢) = R1i(yi, ¢) + Rai(yi, p) for Ri; and Ra; given in (8.15) and
(8.16), respectively. Under Assumption 1, we have

CM;(yi, @) = CM; (yi, @) + op(m ™).

8.8.2 Second-order unbiased estimator of CMSE

The approximated CMSE given in Theorem 8.1 depends on the unknown parameter ¢, so
that it is not feasible in practice. Here we provide a second-order unbiased estimator of the
CMSE. In what follows, we use the abbreviated notations Ri; and Ry; instead of Ri;(yi, @)
and Ra;(y;, @), respectively, without any confusion.

Since Ry; = O,(m™1), we estimate it by the plug-in estimator Ro;(y;, q/ﬁ) with second-order
unbiasedness, that is, E[Ra; (v, (/;’\)) — Rai(yi, )|ys] = op(m™1). On the other hand, the plug-in
estimator Ry;(y;, (,/z’;) has a second-order bias, namely E[R1;(y;, (/;’;) — Ryi(yi, d)|yi] = Op(m™1),
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because Ri; = Op(1). To achieve the second-order accuracy, we correct the second-order bias
of the estimator Ry;(y;, ¢). Using the Taylor series expansion, we have

1 ~ ~
Rii(yi, ®) = Ru; + Riig) (¢ — )+ 1A ®)' Rii(pp) (D — @) + 0p(m™),

where Ryjg) = OR1;/0¢ and Ry;¢e) = 0°Ry1;/0¢p0¢'. From Lemma 8.1, it is seen that the
second-order bias in Ry;(y;, ¢) is

iy @) =Rl E (B — dlui) + gir (Rh oo [~ 9)(3 ~ 9)lu))
= Ry (B = QLig)) + 5“ (Riige)®) -
Thus, the bias-corrected estimator of Ry; is given by
REC (y;, ) = Rui(yi, @) — bi(yi, ), (8.17)
which satisfies E[REC (i, ) — Rii(yi, ¢)|yi] = op(m™").
Theorem 8.2. Let CM; = Rﬁc(yi,a) + Rzi(yi,a)), where Rﬁ-c(yi,a) is given in (8.17).
Then, under Assumption 1, we have

E [C/H\\/L - CMi]yi] = o,(m™1).

To calculate the CMZ, we compute the estimates of €2 and B using the parametric bootstrap
method. Let © and B be bootstrap estimators of €2 and B, respectively. Then, we have the
approximations N

E[Q =Q+o(m™), E[B =B+om™),
because Q@ = O(m~!) and B = O(m™!). Moreover, we need to compute fie)s f2(¢), Bui(a)s
Rii¢p) in b; and fig) in Ry at ¢ = ¢. However, their analytical expressmns are too
complicated to use them in practice. Thus we utilize the numerical derivatives which were
suggested in Lahiri et al. (2007). Let {2} be a sequence of positive real numbers converging
to 0. Based on {z,}, we define

f;(%)(ywa)) = {fa(y%a\)—i_zmej)_fa(yiva_zmej)}7 a = 172

22,
— -~ I . ~ ~ ~
[,y (i, @) = % {Mz‘(yz‘, &+ zmej) — fi(Yi, @ — Zmej)}

" -~ 1 ~ ~
Ry, (Wi @) = % {Rli(yia ¢ + zme;) — Rui(yi, ¢ — Zmej)}

where e; is a vector of 0’s other than the j-th element is 1. Similarly, we define approximations
of the second-order partial derivatives of Ry; as

* - 1 - - - .
R0, Wi @) =5 {Rli(yi, é + zmej) + Rui(yi, & — 2me;) — 2R1i(ys, ¢)} ;=1 0k

m

[ {Rlz(yzv ¢ + Zmeﬂ) + Rlz(yz’ ¢ Zmejﬁ) - 2R1i (yia (/i))}

- szn { L(@@)(?Jz’a é) + RL(@@)(Z/% ¢)} ]7 J#L,

N 1
Rii(o,00) Wi $) = 222,
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where ej; = e; + ey. The justification of the approximations based on these numerical
derivatives is given in the following theorem, where the proof is given in Section 8.6.

Theorem 8.3. Under Assumption 8.1, we have

£y Wi ) = Fato) Wi @) = Op(2m), |, Wi ®) = Fii(s,) (Wi &) = Op(zm)
|Rlz (yza¢) Rui(g;) (Y, )|— p(2m), |Rlz¢¢[)(yla¢) Rli(¢j¢[)(yi7$)‘zop(zm)

Frorn Theorem 8.3, the second-order unbiasedness of the MSE estimator given in Theorem
8.2 is still valid as far as z,,, = o(m™1!). In our numerical investigation given in the next section,
we use zy, = m~ /4,

8.4 Simulation Studies

8.4.1 Prediction error comparison

We first evaluated a finite sample performance of the proposed empirical uncertain Bayes
method. Specifically, we compared the EUB estimator with the traditional empirical Bayes
(EB) estimator. We focused on the two models: Poisson-gamma and binomial-beta models
described in Section 8.2.3.

For the Poisson-gamma model, we considered the following data generating process:

PG: (ny;)|0; ~ Po(n;0;), 0i|(si =1)~ Ga(vexp(Bo + f1x:),v), P(si=1)=p,

where By = 0,81 = 0.5, v = 5, m = 50, n;’s were generated from the uniform distribution
on {5,6,...,30}, and x;’s were generated from a standard normal distribution. The prior
probability p takes the values 0.2,0.4,0.6,0.8 and 1, where the conventional Poisson-gamma
model corresponds to the data generating process with p = 1. We computed both the EUB
and EB estimators from the simulated data set. Based on R = 5,000 iterations of the data
generation, we calculated the mean squared error and the absolute bias which are respectively

defined as
MSE; = — §R (o 9(”)2 Bias; = — §R 6" — 6" 8.18
l_RT:1 o ’ lasz_R‘Tzl(i _1)‘ (8.18)

Define MSE;(EUB) and MSE;(EB) be the simulated values MSE; for the EUB estimator
and the EB estimator, respectively. Then we computed the ratio Ra; = MSE;(EUB)/MSE; (EB)
for each i, and calculated the ¢% quantiles of {Rai,...,Ra,,} for ¢ = 5,25,50,75 and 95.
Hence, if Ra; is smaller than 1, the EUB estimator performs better than the EB estimator in
terms of MSE. We similarly define the ratio of the absolute biases, and the results for the five
p patterns are given in Table 8.1. In the scenario p = 1, the traditional Poisson-gamma model
is the true model and uncertain model is overfitting. However, the results show that the EUB
estimator performs as well as the EB estimator, which indicates that the effect of overfitting
seems small. Moreover, from Table 8.1, when p is smaller than 1, it is revealed that the EUB
estimator improve the EB estimator in terms of both the MSE and the absolute bias, and the
improvement is greater as p gets smaller.

We next compared performances of the two estimators in the binomial-beta model using
the data generating process:

BB: (nw:)|0i ~ Bin(n;, 0;), 0i|(si = 1) ~ Beta(vm;,v(1 —m;)), P(s;=1)=p,
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with m; = exp(Bo + f1x;)/{1 + exp(Bo + B1zi)}, where 5y = 0,81 = 0.5, v = 5, m = 50,
n;’s were generated from the uniform distribution on {10, 11,...,30}, and x;’s were generated
from a standard normal distribution. Similarly to the previous study, we simulated the MSE
and the absolute bias using (8.18) with R = 5000, and computed the quantiles of the ratios.
The results are given in Table 8.1, which shows the similar results to the Poisson-gamma case.
However, the amount of improvement seems smaller than that in the Poisson-gamma case,
but the EUB estimator performs better than the EB estimator in the binomial-beta case.

Table 8.1: Simulated ratios of the MSEs and absolute biases of the EUB estimator over the
EB estimator.

MSE Absolute bias
P 5% 25%  50% 5%  95% 5% 25%  50% 5%  95%

0.2 0.156 0.355 0.542 0.717 0.842 0.554 0.628 0.707 0.832 0.878

0.4 0.298 0.454 0.578 0.710 0.815 0.652 0.693 0.726 0.799 0.874

PG 0.6 0.540 0.640 0.728 0.826 0.894 0.795 0.821 0.843 0.876 0.911
0.8 0.700 0.832 0.876 0.912 0.962 0.890 0.911 0.925 0.949 0.977

1 0.985 0.993 1.000 1.005 1.011 0.989 0.993 0.999 1.002 1.007

0.2 0.395 0.608 0.730 0.807 0.996 0.490 0.583 0.650 0.768 0.980

0.4 0.488 0.736 0.827 0.887 0.983 0.721 0.747 0.805 0.862 0.987

BB 0.6 0.730 0.866 0.909 0.934 0.983 0.813 0.851 0.886 0.924 0.994
0.8 0.865 0.946 0.970 0.984 0.993 0.916 0.938 0.961 0.971 0.992

1 0.966 0.980 1.001 1.007 1.017 0.979 0.987 0.995 1.004 1.012

8.4.2 Sensitivity to distributional assumptions

We next investigated sensitivity to distributional assumptions in the proposed model. Here
we focused on the Poisson-gamma model as considered in the previous simulation study:

(niyi)|0; ~ Po(nit;), 0i|(si = 1) ~ Ga(vexp(Bo + fr1zi),v), P(si=1)=p,

where p = 0.5, and other settings 3, 81, v, n; and x; are set as the same values as in the previ-
ous section. To asses sensitivity of the distributional assumption of the proposed method, we
consider the two alternative distributions: a log-normal distribution and a two-point distri-
bution for #; instead of the gamma distribution. Noting that E[f;] = m; and Var(0;) = m;/v
under the gamma distribution, we scaled two distributions to have the same expectation and
variance. Specifically, we set log8; ~ N(log(mi/+/1+ 1/vm;),log(l + 1/vm;)) for the log-
normal distribution, and P(6; = m;++/m;/v) = P(0; = m;—+/m;/v) = 0.5 for the two-point
distribution. Based on R = 5000 simulation runs, we computed the MSE and absolute bias
with the formula (8.18) for three underlying distributions. In Table 8.2, we show the five
quantiles of the simulated MSE and absolute bias. It is observed that both the MSE and the
absolute bias in the misspecified cases of log-normal and two-point distributions are larger
than the correctly specified case of the gamma distribution. The absolute biases in the two
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misspecified cases are about twice as large as that in the gamma case, so that the inflation of
the absolute bias seems relatively large. However, the difference in the MSE is around 10%,
so that the effect of misspecification on MSE seems relatively small.

Table 8.2: Quantiles of the simulated MSE and absolute bias of the EUB estimator under the
three underlying distributions (the values are multiplied by 100).

MSE Absolute bias
distribution 5% 25% 50% 5% 95% 5% 25% 50% 5% 95%
Gamma 1.31 255 398 592 11.06 0.03 0.10 0.25 048 0.71

Log-normal 1.32 247 4.15 5.85 10.89 0.05 033 049 0.72 1.25
two-point 1.57 287 450 6.46 10.58 0.08 0.28 051 084 1.18

8.4.8 Finite sample performance of the CMSE estimator

Finally we investigated a finite sample behavior of the CMSE estimator provided in Theorem
8.2 in the UPG model. We considered the simple data generating process without covariates:

(niyi)|Ai ~ Po(niAi), Ail(si =1) ~ Ga(vexp(B),v), P(s;=1)=p, (8.19)

with 8 =1, v =5, p = 0.5 and n; = 10. For the number of areas, we consider the two cases of
m = 50 and m = 100. For conditioning values of y,, we consider a-quantiles of the marginal
distribution of y;, where o = 0.1,0.2,...,0.9, and calculate these values by generating 10, 000
random samples from (8.19). To get the simulated values of the CMSE given y,, we generate
random samples from (8.19) and replace y; with y,, and we computed the EUB estimator of
/)\\1. For the true values of A1, since y, is given, we generate \; from the posterior distribution
AM|Ya ~ 11Ga(A1, (n1 +v)71A1) + (1 — 1)y, (exp(B)) with A\; = (n1 +v) "L (n1ya + vexp(B))
and r; given in (8.12). Then, based on R = 10,000 iteration, we calculate the simulated
values of the CMSE defined as

R
Z () \0y2

where XY) and )\Y) are the EUB estimates of Ay, and AY) is the generated value from the
distribution of A1|y, in the rth iteration.

For evaluation of the CMSE estimator, we generated random samples from (8.19) and
replace y; with y,, and get CMSE estimators with B = 100 bootstrap samples and z,, =
m~%/4 for computing the numerical derivatives. This procedure is repeated .S = 2,000 times
and calculated the percentage relative bias (RB) and the coefficient of variation (CV) defined

as
1 ZS CM, — CM ZS CM CM
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Remember that the suggested CMSE estimator given in Theorem 8.2 is second-order unbiased.
To emphasize the importance of bias correction in estimating the CMSE, we also computed
the two criteria of the naive CMSE estimator defined as CM a(N) = R11(Yas qb) It is noted
that the naive estimator has the first order bias, because it ignores the second term Ro; and
the bias of the plug-in estimator of Rj;. For the naive estimator, we calculated RB and CV
based on the same number of iteration and we define RBN and CVN as RB and CV of the
naive estimator. The resulting values are given in Table 8.3 for both m = 50 and m = 100.

It is observed from Table 8.3, the naive estimator has the serious negative bias when
m = 50. Especially, when the condition values are upper or lower quantiles, the negative bias
tends to be larger. This comes from the fact that the naive estimator ignores the positive
Op(m™1) term in the CMSE decomposition given in Theorem 8.1. Since practitioners decide
policies or investments based on estimated values as well as their risk estimates, the under-
estimation of the CMSE is considered serious in practice. Hence, the results in Table 8.3 show
that the naive CMSE estimator without bias correction is not suitable for practical use. On
the other hand, the bias-corrected CMSE estimator works well in both m = 50 and m = 100
and provides accurate estimation of the CMSE in terms of the relative biases. Concerning the
CV values, the bias-corrected estimator has a slightly larger CV than the naive estimator in
most cases. This is because the bias corrected terms increase the variance of the estimator.
However, the difference is not so significant. Thus, the bias-corrected CMSE estimator is
useful in practice.

Table 8.3: Percentage of relative bias and coefficient of variation.

o} 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Yi 1.8 2.1 2.3 2.5 2.7 2.9 3.0 3.3 3.6
m=>50 RB 1.21 -1.01 687 6.56 587 343 242 -3.95 -9.59

RBN =277 -23.5 -13.8 -6.56 -3.28 -3.86 -8.37 -21.1 -28.6
CvV 053 036 053 067 073 068 064 043 0.34
CVN 038 037 043 053 061 055 051 039 0.39

m =100 RB -0.23 -0.45 3.28 3.68 202 -0.12 0.55 -294 -5.82
RBN -16.9 -129 -6.33 -3.75 4.79 097 -2.55 -124 -17.9
CvV 028 025 041 057 063 058 052 032 024
CVN 028 027 035 049 052 049 042 029 0.27

8.5 Illustrative Examples

8.5.1 Historical mortality data in Tokyo

The mortality rate is a representative index in demographics and has been used in various
fields. Especially, in economic history, one can discover new knowledge from a spatial distri-
bution of mortality rate in small areas. As divisions get smaller (e.g. city—town—block. ..),
one can get a more informative spatial distribution. However, the direct estimate of the mor-
tality rate in small area with extremely low population has high variability, which may leads



148 CHAPTER 8. EMPIRICAL UNCERTAIN BAYES METHODS

to incorrect recognition of the spatial distribution. Therefore, it is desirable to use smoothed
and stabilized estimates through empirical Bayes methods.

We here focus on the mortality data in Tokyo, 1930. The data set consists of the observed
mortalities z; and the number of population N; in the ith area in Tokyo. Such area-level data
are available for m = 1,371 small areas. We first computed the expected mortality in the
ith area as n; = N; 310 z;/ 377" Nj. The standardized mortality ratio (SMR) is defined as
the ratio of the actual mortality to the expected mortality for each area, which is often used
in epidemiology as an indicator of potential mortality risk. Then, the direct estimator of the
SMR in the ith area is y; = z;/n;. It is noted that y; = 0 in 84 areas, the number of areas
with SMR larger than 1 is 526, and the maximum value of y; is 16.4.

For this data set, we apply the two models: the uncertain Poisson-gamma model described
Section 8.2.3 and the traditional Poisson-gamma model, described as

UPG : njyi|lAi ~ Po(niNi), Ailsi ~ Ga(vexp(B),v), P(s;=1)=p
PG : nyyi|Ai ~ Po(nidi), A ~ Ga(vexp(B),v),

where \; = E(y;|\;) denotes the ‘true’ SMR in the i-th area, which we want to estimate.
Using the EM algorithm in Section 8.2.2 with 5000 Monte Calro samples in each E-step,
we get the point estimates of the parameters of the two models as shown in Table 8.4. For
comparison of the two models, we computed AIC and BIC based on the maximum marginal
likelihood, and the results are also given in Table 8.4. In terms of AIC and BIC, the proposed
UPG model fits better than the traditional PG model for this data set. This comes from the
feature of the data. In the upper left panel of Figure 8.2, we show the sample plot of the
expected mortality n; and the SMR y;, noting that the solid line corresponds to the estimated
regression line y; = exp(fS) in the UPG model. It is observed that most y; are distributed
around the regression line, and the random area effects are necessary in most areas. The UPG
model tells us about the feature of the data through the estimate of p. The lower left panel
of Figure 8.2 provides a scatter plot of the estimated conditional probability P(s; = 1|y;) and
the SMR y;, where the conditional probability P(s; = 1|y;) corresponds to the probability of
existing random area effect in the ith area when y; is observed. The solid line corresponds
to the estimated regression line y; = exp(/) in the UPG model. From the figure, we can
see that the estimates of P(s; = 1|y;) are dramatically different from area to area, and the
probability gets lower as SMR is closer to the regression line. To see the difference of estimated
values of \;, in the upper right panel of Figure 8.2, we present the relative differences between
estimators from the two models, which are defined as (XZUPG — XfG) /XZ-PG, where XZUPG and
/)\\FG are empirical Bayes estimates of A\; from the UPG model and the PG model, respectively.
We can observe that the differences are around 10% and are not negligible.

We next calculated the CMSE estimates of the EUB estimates )\}JPG using Theorem 8.2
with B = 100 and zp, = m~/%. For comparison, we also computed the CMSE estimates of
)\fG using Theorem 8.2 with p = 1, B = 100 and z, = m %4 Then, we computed their
difference and their histogram over areas is given in the lower right panel of Figure 8.2. In the
figure, the positive value indicates that the EUB estimator has the smaller CMSE value than
the EB estimator, and it is revealed that the EUB estimator can improve the estimation risk
over the EB estimator in many areas. In particular, the mean values of CMSEs are 4.2 x 1072
for UPG and 5.4 x 10~2 for PG, so that the EUB estimator can improve 20% CMSE values
over the traditional EB estimator on average.
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Finally, we assessed the performance of the two models in terms of prediction accuracy in
non-sampled areas. Since areas with small n; have high variability, we consider to predict y;
of areas with n; larger than the a-quantile of n;’s, denoted by ¢,. Thus we omitted areas with
n; larger than ¢, and computed the estimates of the model parameters using the remaining
data. For fixed o, we define the predictive criterion (PC) as

m m
PCo =Y _I(ni > qa) (M — yi)° / D I(ni > qa), (8.20)
i=1 i=1
noting that m; is the best predictor in non-sampled areas. In this example, m; = exp(ﬁ).
The values of PC were computed for three quantiles of a = 0.90,0.95 and 0.99 and reported
in Table 8.4. It is revealed that the EUB method can improve PC values over the EB method
by about 10%.

Table 8.4: Point estimates of the model parameters and values of AIC, BIC and PC (multiplied
by 100) for the three thresholds.

~

Estimates B f/\ ]/)\ AIC BIC PCO,QO PCO.95 PCOAgg
UPG -0.039 5.15 0.56 8142.17 8157.84  8.00 7.70 5.69
PG -0.052 742 — 8265.12 8275.57  8.67 8.24 6.15

8.5.2 Powverty rates in Spanish provinces

We next applied our method to the income data set in Spanish provinces as used in Section
3.4. In this application, we focus on estimating area-level poverty rates. We set the poverty
level as 0.7 times the median of all the observed incomes, and computed the direct estimates
of the poverty rates. As covariates, we calculated area-level rates of female and labors. The
scatter plot of the pairs (n;,y;) is given in the left panel of Figure 8.3, from which we can
observe that the direct estimate y; has higher variability as n; gets smaller.

For the data set, we applied the two models: the uncertain binomial-beta (UBB) model
and the traditional binomial-beta (BB) model, described as

UBB : n;y;|0; ~ Bin(n;,0;), 6i|s; ~ Beta(vm;,v(1 —m;)), P(si=1)=p
BB : n;y;|0; ~ Bin(n;,0;), 0; ~ Beta(vm;,v(1 —my)),

where y; is the direct estimate of the true poverty rate p;, n; is the number of observations in
the ith area, m; = logit(5y + S1g; + B2fi) for logit(z) = exp(z)/(1 + exp(z)), and g; and f;
are rates of populations of females and labors, respectively. The point estimates of the model
parameters based on the EM algorithm in Section 8.2.2 with 5000 Monte Carlo samples are
shown in Table 8.5. The signs of B\l and B\g are reasonable. From the table, it is observed
that the estimate of p in the UBB model is almost 1, which implies that the traditional BB
model is appropriate for this data set. Actually, the values of AIC and BIC based on the
marginal likelihood, given in Table 8.5, support the BB model rather than the UBB model.
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Concerning the differences of predicted values, we provide in the right panel of Figure 8.3 the
histogram of the relative differences: (/Q\Z-UBB — @?B) / @\?B, where @UBB and @3]3 are predicted
values from the UBB and the BB models. It shows that the differences are smaller than 1%
in most areas.

We next calculated the CMSE estimates of the EUB and the EB estimates using Theorem
8.2 with B = 100 and z, = m~°/%. These two estimates are expected to be similar, but
the CMSE estimates of the EUB estimates are negative in some areas, while those of the EB
estimates are all positive. This may comes from the instability of estimating p close to 1.

Finally, we considered the performances of prediction for non-sampled areas. Similarly
to the previous section, we considered the predictive criterion (PC) defined in (8.20) with
m; = logit(Bo+ B19: + B2fi). The values of PC were computed for v = 0.70,0.80 and 0.90 and
reported in Table 8.5. It is observed that the UBB model provides the performance better
than the BB model while the differences are quite small.

Table 8.5: Point estimates of the model parameters, values of AIC, BIC and PC (multiplied
by 1,000) for the three thresholds.

~ ~

Estimates B8y A1 fe v p AIC  BIC PCoz PCoso PCooo

UBB -1.92 291 -1.03 41.33 0.96 459.67 469.42 5.59 5.42 5.17
BB -2.14 336 -1.07 4293 — 457.74 465.55 5.61 0.42 5.19

8.6 Technical Issues

8.6.1 Checking Assumption 8.1 in typical three models.
(Fay-Herriot model). It follows from (8.10) that

ot .
fie) (Wi &) = f1(yi; @) <M> xi,  fra)(y; @) = m {(yz - mﬁﬂ)Q —A- Di} :

Using f1(yi; @) < 1/v2mA, we can see that [ f1(4,)(yi; @), [f1(6;00) (i3 @)| and [ f1(g,6,00) (Yi5 @)
can be evaluated from above by 6th order polynomials of y; and the assumption (iii) is satisfied
for a = 1. The case of a = 2 can be shown similarly.

(Poisson-gamma model). It is noted that fi(,)(vi;¢) = fi(yi; @)0log f1(yi; p)/O¢k. From
(8.11), it holds that

dlog f1(yi; @)
0Bk

dlog filyis¢) o , ' niyi o n;
—ay =my {w(nzyz + sz) w(yml)} n; +v +m; n; + v + log n; +v ’

= vogmi {Y(niy; +vmg) —Y(vmy)}, k=1,...,q,

where 9(-) is the digamma function ¢ (z) = dlogI'(z)/dz. Using the fact that ¢ (z) ~ logz
for large x, we have [0log fi(yi; ¢)/0Bk| = Op(logy;) and |0log fi(yi; @)/0v| = Op(y;) for
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Figure 8.3: The scatter plot of the number of observations n; and the direct estimate of
poverty rate y; (left), and the histogram of relative difference (@-UBB - é\ZBB) / é;BB (right).

large y;. Since there exists ¢ € R such that f1(yi; @) < ¢, [fi(¢,)(¥i; ¢)| is bounded above by
an liner function of y;. Concerning the second derivatives, we note that

0% log f1(yis @) . Olog f1(yi: ®) Dlog f1(yi; d) } , (8.21)

Fiioron Wiz @) = fi1(yi; ) { 0¢r0¢y ol Dy

Moreover, the straightforward calculation shows that

2 :
(W = vagm; {(niyi + vmi) — (vmg) }vahm? {%ﬁ(l)(niyi +vm;) — ¢(1)(Vmi)} ;
where (™ (z) = d™(x)/dz" is a polygamma function. Since ¥ (z) ~ (—=1)"(n — 1)lz™™
for large x, we have |0%log f1(yi; ¢)/0B:| = O(logy;) for large y;. Similarly, we obtain
0% log f1(vi; ¢)/0BkOv| = O(logy;) and |9%log f1(vi; ¢)/0v?| = O(y;) for large y;. Thus
from expression (8.21), |f1(¢,¢,)(¥i; @)| is bounded above by an quadratic function of y;. The
similar argument shows that |fi(4,4,)(vi; @)| is bounded above by an cubic function of y;.
Hence, conditional (iii) is satisfied for a = 1, because E[yf] < oo for all ¢ > 0 when y; has the
Poisson-gamma model. The case of a = 2 can be shown similarly.

(Binomial-beta model). Note that fi(y;;¢) and fa(y;; @) have compact supports and the

derivatives fo(s,)(Uis @)s fad;00)(Yis @) and fa(p,¢,0,) (¥is @) are finite for an interior point ¢.
Then condition (iii) is easy to check.
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8.6.2 Proof of Theorem 8.3.

Let us fix ¢ as an interior point of ®. We here use the notation C(y;) as a generic function
of y; with C(y;) = Op(1), and the notations buy; and ug; € [—1,1] as generic constants.
Expanding f,(vi, g + 2me;) and fo(vi, ¢y — 2me;) around ¢y, we get

1
fa(Yi, o + 2mej) = fa(Yi, do) + fa(p;) Wis Bo)2m + ifa(@@)(yi’ bo + Urizme;) 22,

fa(Yi, @o — 2mej) = fa(Yi, Do) — fa(o;) Wis Bo)2m + %fa(qu@)(yi, Bo + U1izme;) 20,
so that it follows that
(22m)|f:(¢j)(yi, ¢o) — fa(¢j)(yz’7 ®o)|
= |fa(Yir Po + 2me;) — fa(Yi, o — 2me;) — 22m fa(;) (ir Do)
= %Zilfa(qsm)(yi, B0 + U1iZm€;) — fa(o;60) Wi Po + ugizme;)| < C(yi)zom,

from (iii) of Assumption 8.1. This shows the first part of Theorem 8.3.
To show the other parts, we prove that there exist functions Cy(y;) = Op(1) fora =1,2,3
such that

’ri(%‘)(yi’d’O)’ < Ci(wi), ‘Ti(¢j¢g)(yi7¢0)‘ < Ca(wi), |7"i(¢j¢e¢k)(yz‘,¢o)| < Cs(yi).  (8.22)
The straightforward calculation shows that
riy = Nfo{pfi+ (L =p)f2} % iy = —2f1fa{pfr + (1= p) 2} (1 = o),
Titppp) = 6S1f2{pf1 + (1= p) f2} " (f1 = f2)?,

which are all bounded above by C(y;) since f,/(pfi1 + (1 — p)f2) < max(p~t, (1 —p)~!) for
a = 1,2. Moreover, it is noted that

p(L=p) | fr)f2 — f1J;2(¢j) . Plficwy| + (1= p) fory,)] < o)
{pfi+ (1 —=p)fe} pfi+(1—p)fa

under (iii) of Assumption 8.1. Similarly, it can be shown that the higher order derivatives

V(000 Ti(s6e08)> Tilpon)s Tilppse) AN Ti(pgygy) have the form h(yi, ¢o)/{pfi + (1 — p)f2}*
where c is a positive integer and h(y;, ¢,) is a polynomial of f,, fa(e;)s fa(¢j¢k) and fo(¢:6,61)>

so that there exists hf(y;) = O,(1) such that h(y;, ¢y) < h'(y:;). This establishes property
(8.22). Using the property, we have

|Ti(¢j)| =

(22m) |54,y (Wi Do) — i) (Vi o)

1 - -
= izmm(qu@)(ym G0 + U1izme;) — fi(w,0,) (Vi Po + u2izme;) < C(yi)zm,
and

(22m) ‘RE(%)(% o) — Ru(qu)(yi, ¢0)‘

1
= izgq‘Rli(qﬁj@)(yh o + urizme;) — Ruig;0,)(Yis $o + uzizme;)| < Clyi)za,.
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Finally, we consider the approximation of the second-order partial derivatives of Ri;. Ex-
panding Ry;(¢y + zme;) and Ry;(¢pg — zme;) up to O(23)), we have

Zm| Rii(s,0,) Wis @0) — Rui(,0;) (Ui 0)]
1
= gszu(@qu@)(ym B0 + u1izme;) — Rij(g,0,0,) Wi Po + u2izme;)| < Cyi)z,,

from property (8.22). From this result, we obtain for j # ¢,

. 1
R0 Wis P0) = CYoN |:{R1i(yia b0 + zmeje) + Rii(Yi, @o — 2meje) — 2R1i(yi, o)}

m

— 2, {R1z‘(¢j¢j)(yz’, ®0) + Rui(gpe) (Yis ¢o)} } + Op(2m).
It is noted that

Rui(yiso + zmeje) = Rui(yis do) + Ruigw,) Wir 60)2m + Rui(oy) Wir B0)zm + Rui(e,60) Wir $0) 2

1 1 1
+ §R1i(¢j¢j)(yi7 B0)zm, + §R1i(¢4¢4)(y’ia bo)zn, + gz?n Z Riip;¢001) Yir Po + 2mUijenejor)
j7£7k

where uq o € [—1,1] and e = €; + ey + e;. Then it follows that

2| R 565 60) Wi $0) — Rui(o;00) (Ui o) |
1
= ézf’n > Riiossem) Wi B0 + zmusjmeon) — Y Rii(oonin) Wi bo + Zmiizjenejor))
VR Jlk

for some w0, € [—1,1]. Using property of (8.22), we conclude that the above term is bounded
above by C(y;)z3,, which completes the proof.
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