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Abstract

Many variables of interest in business and agricultural surveys have skewed distributions. An example from
the National Agricultural Statistics Service is the acres harvested for a particular crop. We investigate small
area estimation methods for skewed data under the assumption that a lognormal model is a reasonable
approximation for the distribution of the response given covariates. Empirical Bayes (EB) predictors and
estimators of the mean squared error of the predictors are proposed. In simulation studies, the EB predictors
are more efficient than a direct estimator and more efficient than a synthetic estimator.

1. Introduction

Small area estimation is a class of applications where domain sample sizes are too small to support reliable
direct estimators. A common approach to small area estimation is to use model-based estimators instead of
design-based estimators. Efficiency gains are realized if the models incorporate information about variability
among the units in the population or the structure of the domain means.

1.1 Linear Unit-Level Model

Battese, Harter, and Fuller (1988) use a linear mixed model to predict the area planted to corn and soybeans
in Towa counties. Crop areas are obtained for a sample of segments in each county through farmer inter-
views. Covariates, obtained from satellite data, are the number of pixels classified as corn and soybeans.
The covariates are available for all sampled segments, and the population mean of the covariates is known
for each county.

In the Battese, Harter, and Fuller (BHF) model,
Yij = Mo + T A + i + €, (1)

where y;; is response for unit j in county 4, x;; is the corresponding vector of covariates, and
(vi,€ij) ~ N(0,diag(c?,02)). The quantity to predict is

UN, = Ao + Ty, A1+ 05 + En,, (2)
where &, is the mean of x;; for the population of segments in county i.
Three types of predictors have been used for the linear setting. First, a synthetic estimator (or indirect

estimator) is obtained by replacing a nonsampled unit with an estimator of its expected value. Rao (2003,
Chapter 4) discusses several synthetic estimators. A synthetic estimator for area i is of the form

n; N;
G =N Ty D Xoels + AL ¢ (3)
=1 j=nit1
where (5\07015,5\'1’013)’ is the OLS estimate of (Ag,A}), j = 1,...,n; indexes the sampled units, and j =
n; + 1,..., N; indexes the nonsampled units for area i. A second predictor for a linear model is a model
based direct estimator (Chandra and Chambers, 2009). The model based direct estimator is of the form
g
yAivIBDE _ Ni_l Z Wi Yij- (4)
j=1



The model-based direct estimator is a weighted sum of the sampled units in area i. The weights are defined
in such a way that the weighted sum of all the units in the sample is the BLUP of the population total. A
third type of predictor, which is widely-used for small area estimation, is an EBLUP. An EBLUP for the
population mean is

grrrur = N Zyij + Ao + A1+ i (Tsi — Ao — Ty A1) ¢ (5)
j=1 Jj=n;+1

v? €

estimators. The EBLUP for the BHF model shrinks a direct estimator toward a synthetic estimator by
a factor that depends on the relative magnitudes of estimates of 02 and ¢2. The weight assigned to the
direct estimator decreases as the ratio of the between-area variance component to the within-area variance
component decreases or the sample size decreases. See Rao (2003) for a discussion of small area prediction
based on mixed models.

where 4; = (62 4+ n; '62)7162, (Jai, @) = 1y ' Y00 (yig, ;). and (Ao, Nj,62,62) is the vector of REML

1.2 Lognormal Unit-Level Model

We consider a situation where the distribution of the response variable has a positive support, the variance
is a function of the mean, and relationships between the mean response and the covariates are nonlinear.
Because the assumptions of the linear model with normal errors are violated, linear predictors are inefficient.
We consider the specific situation where units in the population are assumed to have lognormal distributions.
We write the loglinear mixed model for the variable of interest, ¥;;, as

log(yij) == li; = Bo + 2zijB1 + ui + €45, (6)

where (u;, €;;) ~ N(0,diag(c2,0?)), and z;; is a vector of appropriately transformed covariates. For example,
Ziji = log(xiji) for k =1,...,p. Let the observations {(yi;,2:;) : ¢ = 1,...,D;j € s;} be available, where
s; denotes the set of j in the sample for area i, and |s;| = n;. Let U; denote the set of N; indexes in
the population for area i, and let §; denote the set of j in area ¢ that are not in the sample. Assume that
z;; is available for the population of N; values in area ¢, and let {y;;;¢ = 1,...,D,j € s;} U{z;; : ¢ =
1,...,D,j € U;} be the available data. Let @ = (8o, 3],02,02)" be the vector of model parameters, and let
6 = (Bo,3,,62,62)" be the REML estimator of . The quantity of interest is the area mean,

e
_ 1
N, = > vij (7)

' jeu;
In this paper, we compare three predictors of ¥y, .

The first predictor, based on an estimator of Karlberg (2000), is analogous to the synthetic estimator for
the linear model. Karlberg (2000) considers a situation where the objective is to estimate a single finite
population mean (equivalently, a total). He assumes that the units in the population are realizations from
a lognormal distribution and that a covariate is observed for all units in the population. We adapt the
Karlberg (2000) procedure to the small area context.

The second predictor is a model-based direct estimator developed in Chandra and Chambers (2011). The
Chandra and Chambers (2011) estimator is a weighted sum of the sampled units, where the weights are
defined to give the minimum mean squared error linear predictor of the population mean if the parameters
of the lognormal distribution were known.

The third predictor is an empirical Bayes (EB) predictor. The empirical Bayes (EB) method is a gen-
eral approach to small area estimation that is appropriate for a broad class of linear and nonlinear models.
An EB predictor for squared error loss is an estimator of the conditional expectation of the small area
parameter given the observed data and the underlying model parameters. For a linear mixed model with
normal errors, an EBLUP is an EB predictor (See Rao, 2003 Section 9.1).



Slud and Maiti (2006) construct an EB predictor for a small area mean under an assumption that the
area-level direct estimators have lognormal distributions. They derive a closed form expression for the EB
predictor and give an approximately unbiased MSE estimator. They use the EB predictor to obtain estimates
of county-level rates of school-aged children in poverty using data from the US Census Bureau’s “Small area
income and poverty estimation” project. The EB predictor proposed in this paper differs from the Slud and
Maiti (2006) predictor because we work with unit-level data instead of area-level data.

In Section 2, we discuss the estimator based on Karlberg (2000) and the Chandra and Chambers (2011)
estimator in more detail. We also propose an empirical Bayes predictor for the lognormal model in Section
2. In Section 3, we compare the predictors defined in Section 2 through simulations. We conclude in Section
4 with a summary and a discussion of areas for future work.

2. Predictors for the Lognormal Model

2.1 A Type of Synthetic Estimator

Karlberg (2000) addresses a situation where the quantity of interest is a mean for a single area instead
of many small area means. She derives a predictor under an assumption that the units in the population are
realizations from the model (6) with o2 = 0. In the simulations in Karlberg (2000), the predictor that she
suggests is more efficient than a regression estimator.

We modify the approach of Karlberg (2000) to define a type of synthetic estimator for the lognormal model.
The resulting estimator of gy, is,

1
~karlber — ~karlber
gorvers _ pg 4 (1- fy) (N,_n) (3 ghortvera), (3)
4 i f=rs
where @meb”g is the estimator of Ely;; |0, z;;] defined in (10) below. By properties of the normal moment
generating function,
Elyi; |0, 2i;] = exp{fo + 2i;1 + 0.5(05 + 02)}. (9)

Because Ely;; | 8, zij] is a nonlinear function of the REML estimator of 8, El[y,; |, zi;] is a biased estimator
of (9). To correct for the bias, we use the method of Karlberg (2000) and define the estimator,

gfjarlberg _ (éi_f;lrlberg)_lE[yij | é7 Zij], (10)

where

ij

ghartberg {0,5((1,z;j)v{,(§}(1,z;j)/+o.2517{&5+&3})}, (11)

and V{3} and V{52 + 62} are estimates of the variances of 8 and & obtained from the inverse information
matrix. (See Rao, 2003, pg. 139.)

2.2 A Model-Based Direct Estimator

Chandra and Chambers (2011) derive an estimator of the form > 10;;y;;, where w;; is an estimator of
the weight that gives the BLUP of the population mean if the parameters of the model (6) are known. To
derive the predictor, Chandra and Chambers (2011), use the approximation,

karlb
Elyi;] = %+71y¢jar 9, (12)

and

Clyigyand = G5 950" {exp(a7) — 1+ exp(67) (exp(67) — DI[j = K]}, (13)



where yfj‘"lb”g is defined in (10), and the covariance between two units from different areas is zero. The

approximations for the first and second moments in (12) and (13) follow from the moment generating function
of a normal distribution. The vector form of (12) is

E[?JN] ~ XU%

and
Vs V.
C / ~ ASS ASS
tuw. ) ( Vi Vi )
where Y= (ryoa,yl)/a
Xy = (XKD = (1), ke, ghorroy)

yn = (¥.,y.), ys and y, are the vectors of sampled and nonsampled units, respectively, and g**"!*r9 and

glarlberg are the vectors containing yk‘"lb”g for the sampled and nonsampled units. The elements of the

covariance matrices Vi, and Vi, are defined in (13). If one treats the §;;, 62, and 62 in (12) and (13) as fixed
values, then (12) is a linear model for the mean of y;;, and the BLUP of N~ 37 Z;V:ll yij is N™lw'ys,
where

w=1,+H (X;1y — X'1,) + (I, - H X))V 'V,,1,,
and

= (XIVIX)IXIV L

s 7 8s s 7 88

The model-based direct estimator defined in Chandra and Chambers (2011) is
gaMPPE = N7 Z Wi Yij, (14)
JjEsi

where 0;; is the element of w associated with unit (4, j). The “Tr” in the label “TrMBDE” stands for “trans-
formed” and is used to distinguish the estimator (14) from a model-based direct estimator for a linear model.

2.3 An Empirical Bayes Predictor
The minimum mean squared error (MSE) predictor of yn, is E[yn, | (y, 2)], where (y,z) = {yi;;i =

D,j € s;yU{zy; i =1,...,D,j € U}. (See for example, Rao 2003, Chapter 9.) Under the
assumptions of the lognormal model (6), a closed form expression for the minimum MSE predictor is

gMMSE (g) Z Yij + Z yMMSE (g (15)
]657 JES;
where
yl]élMSE(e) = exp{ﬁo + zmﬁl + ’77,( is 50 zzsﬁl) +0. 50 (72 + 1)} (16)

(Lis, 2,) = n; > jes iy, 2i5), and v; = 02(02 +n;'o2)~!. The form of the minimum MSE predictor in
(15) follows from the moment generating function of the lognormal distribution and the property that

(s ei;) | (y, 2) ~ N{[vi(lis — Bo — Zi.B1), 0], diag(vin; ' o7, 07)}

for j ¢ s;. A detailed derivation of (15) is given in the Appendix.



The minimum MSE predictor (15) is not possible to compute unless the true 6 is known. We replace
the true 6 in (15) with the REML estimator to obtain the empirical Bayes (EB) predictor,

AE —MMSE
J
Un, = Un — D v+ > _9fP . (17)

JESs JES;
where

gEB = yMMSE(g) (18)

= €eXp {BO + ZZJ,@1 + ’Yz( 18 BO z;sﬁl) + 0. 50 (71 + 1)}

3. Simulations

We compare the EB predictors to the synthetic estimator and the direct estimator defined in Section 2
and evaluate the performance of the MSE estimator through simulations. The model for the simulations is
(6) with a one-dimensional covariate z;;, where z;; ~ N(u5,02). We generate data for 30 areas (D = 30)
and set (N;,n;) = (133,5) for 15 of the areas and (N;,n;) = (533,20) for the other 15 areas so that
(N, n) = (9990, 375).

We pick the parameters in Table 1 so that the mean and variance of y;; is approximately equal to the
mean and variance of the number of chickens per segment in a 1960’s United States Department of Agricul-
ture area survey discussed in Fuller (1991). We alter the variance components to study the effects of varying
the relative magnitudes of 02, 02, and o2 on the properties of the predictors. For the first two simulations,

=1. 58 and the ratlo 02 _2 is 0.51 or 0.15. For the second two simulations, we set 0, = 1.24 and increase
Uu and o2 so that 020, 2 is 0 45 or 0.15.

Parameter Configurations
Set o, o20.%]| oo E[Y] V{Y}
1.58  0.51 0.55 16 4493
1.58  0.16 0.35 16 4493
1.24  0.45 0.71 15.5 4006
1.24  0.15 0.46 15.5 5006
(2, Bo, B1) = (3.253,—1.62,0.9)

=W N

Table 1: Parameter configurations for simulations

We use a Monte Carlo (MC) sample size of 2000. For each MC sample, we generate a new set of z;; from a
normal distribution and select a stratified simple random sample where the areas are the strata. We compute
the following predictors of yy;,:

1. Karlberg - the Karlberg (2000) estimator defined in (8)
2. TrMBDE - the Chandra and Chambers (2011) model-based direct estimator defined in (14)
3. EB - the empirical Bayes predictor defined in (17)

3.1 Empirical Properties of Small Area Predictors

We define the MC relative bias of predictor ¢y, for area i by,

Eyvclin, *yN]

RB’L - )

(19)



where E[gy,] is given in the fifth column of Table 1 and Ej;¢[-] denotes the MC mean (the average of the
2000 samples). Table 2 contains the average MC relative biases of the alternative predictors, where the
average is across areas with the same sample size. Estimates of the MC standard errors are in parentheses.
For the two parameter sets with o, = 1.58, the MC relative biases of all predictors are small relative to the
MC standard errors. The average MC relative biases of the TrMBDE and Karlberg predictors are essentially
zero for all parameter configurations and sample sizes. For the two parameter sets with o, = 1.24, the EB
predictor has a positive MC relative bias, and for fixed n;, the average MC relative bias of the EB predictor
is larger for o202 = 0.15 than for 0202 = 0.45. For each parameter set with o, = 1.24, the average MC
relative bias of the EB predictor is smaller for n; = 20 than for n; = 5. We conjecture that the average MC
relative bias of the EB predictor increases as o2 decreases and (02, 02) increase because the bias of the EB
predictor increases as the variances of the REML estimators increase. For the parameters and sample sizes
considered here, the average MC relative bias of the EB predictor is less than 3% of the average MC RMSE.

Average Relative Biases (%) for n; =5 Average Relative Biases (%) for n; = 20

050;2 o2 TrMBDE Karlberg EB TrMBDE Karlberg EB
0.51 1.58 -0.40 0.03 -0.17 -0.09 -0.22 0.42
(0.33) (0.36) (0.24) (0.17) (0.33) (0.14)
0.16  1.58 -0.06 -0.48 0.21 -0.29 -0.21 0.31
(0.37) (0.26) (0.23) (0.18) (0.22) (0.14)
0.45 1.24 0.64 -0.07 1.31 -0.43 0.01 0.44
(0.55) (0.48) (0.33) (0.27) (0.46) (0.19)
0.15 1.24 0.49 0.23 1.44 -0.09 0.03 0.87
(0.61) (0.33) (0.29) (0.30) (0.29) (0.19)

Table 2: Average MC relative biases (RB;) of alternative predictors of gy,. MC standard errors are in
parentheses.

Table 3 contains the average ratios of the MC MSE’s of the alternative predictors to the MC MSE of the
EB predictor. The relative MC MSE of predictor gy, for area i is

MSEnc()n;)

RelMSE; = — - MCWN.)
" MSEnc(5EP)

(20)

and Table 3 contains averages of ReIMSE; across areas with the same sample size. For fixed (n;,c?), the
relative MSE of the model-based direct estimator (TrMBDE) is larger for, 020.2 = 0.16 or 0.15 than for
020,72 = 0.51 or 0.45. The relative MSE of the TrMBDE predictor is larger for n; = 5 than for n; = 20
for each parameter configuration. For a fixed parameter set, the relative MSE’s of the Karlberg predictor
increase as the sample size increases. For a fixed sample size and value of o, the relative MSE of the

Karlberg predictor increases as the ratio of 02 to o2 increases.

The relationships between the relative MSE’s of the TrMBDE and Karlberg predictors to the values of
the variance parameters and sample sizes are not surprising if we consider an analogy with the linear model
of Section 1.1. For the BHF model of Section 1.1, the ratio of the MSE of a mixed-model predictor to the vari-
ance of the sample mean (a simple direct estimator) is approximately o2 (o2 +c2n; ')~!, and the ratio of the
MSE of a mixed-model predictor to the MSE of a synthetic estimator is approximately 1—o2(c24+02n; ')~
Because the TrMBDE predictor is a version of a direct estimator, we expect the ratio of the MSE of the
TrMBDE predictor to the MSE of the EB predictor to decrease as the sample size increases and the ratio
02072 increases. Because the Karlberg predictor is a type of synthetic estimator, we expect the opposite
pattern in the relative MSE for the Karlberg predictor.



Average RelMSE; for n; =5 Average RelMSE; for n; = 20

olo.? o, TrMBDE Karlberg TrMBDE Karlberg
0.51 1.58 1.809 2.215 1.478 6.052
0.16 1.58 2.781 1.317 1.766 2.499
045 1.24 2.747 2.163 2.115 5.930
0.15 1.24 4.481 1.301 2.653 2.533

Table 3: Average relative MC MSE’s (RelMSE;) of the alternative predictors of gy, to the EB predictor.

4. Concluding Remarks

We compared three predictors of a small area mean for a skewed response variable. The model-based
predictor, TTMBDE (Chandra and Chambers, 2011), is a version of a direct estimator. The predictor based
on Karlberg (2000) is a type of synthetic estimator (Rao, 2003, Chapter 4) because the predictor of a non-
sampled unit is an estimator of Ely;; | z;;] and does not directly involve any of the sampled units. The EB
predictor is an estimator of the minimum MSE predictor of the small area mean.

Because the Karlberg (2000) predictor is a type of synthetic estimator, the relative efficiency of the Karlberg
(2000) predictor improves as n; decreases and 020, 2 decreases. The efficiency of the Chandra and Chambers
(2011) direct estimator improves as n; increases and as 020, 2 increases. As discussed in Section 3, these
patterns are expected by analogy with a linear model. Because the EB predictor is a nonlinear function
of the REML estimate of 8, the EB predictor is biased. The MC bias of the EB predictor is typically less
than 3% of the MC RMSE for the parameters and sample sizes considered in our simulation study. An

examination of bias-corrected EB predictors is an area of current research.

We did not discuss MSE estimation in this paper. We obtained a closed-form MSE estimator that ac-
counts for the estimation of the unknown parameters. In simulations not discussed here, the MC relative
bias of the MSE estimator is less than 11%, and the empirical coverages of nominal 95% prediction intervals
are between 94% and 96%. A more thorough evaluation of the MSE estimator is a topic for future research.

For the simulations in Section 3, the model underlying the minimum MSE predictor is true, so it is not
surprising that the EB predictor has a smaller MSE than the other predictors. An evaluation of the proper-
ties of the procedures when the model is misspecified and a study of the design properties of the model-based
predictors are areas of current research.

In this study, we compared an EB predictor to a model-based direct estimator and a synthetic estima-
tor. One can construct other shrinkage estimators for skewed data. An example is the area-level predictor
of Slud and Maiti (2006) discussed in the Introduction. Current work includes a comparison of the EB
predictors defined in Section 2.3 to other shrinkage estimators for skewed data.

In our analysis of the simulation study, we observed that the predictors, the mean squared errors of the
predictors, and the mean squared error estimators are skewed and have large variances. This suggests that
loss functions other than squared error loss may be more appropriate for highly skewed data. Future work
may involve an evaluation of the proposed predictors for different loss functions or derivations of predictors
that are optimal with respect to different loss functions.

We restricted our attention to a situation where the sample design within areas is simple random sam-
pling. Modifications for complex sampling or nonresponse are potential areas for future work.



Appendix: Derivation of Minimum MSE Predictor

The minimum MSE predictor is

Blaw, | 2) = 1 | S v+ 3 Bl | 2] (21)

toldeEs: j€s;
Under the model (6),
yij = exp(fo + z;B1)exp(u; + ei5),
and the conditional expectation of y;; given the available data is
Eolyij| (y, 2)] = exp(Bo + z;81) Elexp(ui + ei5) | (y, )] (22)
By properties of the normal distribution, for j € s;,
(wiseij) | (y,2) ~ N{[illis — Bo — 2i,81), 0], diag(vin; ‘02, 02)}. (23)
By (23) and the moment generating function of the lognormal distribution,
Elexp(ui + eij) | (y, 2)] = exp{yi(lis — fo — 2,81) + 0.5(vin; "ol +02)} (24)
for j € §;. Together, (24), (22), and (21) justify (15).
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