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Abstract: Small area estimation (SAE) methods can provide information that conventional direct
survey estimation methods cannot. The use of small area estimates based on linear and generalized
linear mixed models is still very limited, possibly because of the perceived complexity of estimating
the root mean square errors (RMSEs) of the estimates. This paper outlines a study used to determine
the conditions under which the estimated RMSEs, produced as part of statistical output (‘plug-in’
estimates of RMSEs) could be considered appropriate for a practical application of SAE methods
where one of the main requirements was to use SAS software. We first show that the estimated
RMSEs created using an EBLUP model in SAS and those obtained using a parametric bootstrap are
similar to the published estimated RMSEs for the corn data in the seminal paper by Battese, Harter
and Fuller. We then compare plug-in estimates of RMSEs from SAS procedures used to create EBLUP
and EBP estimators against estimates of RMSEs obtained from a parametric bootstrap. For this
comparison we created estimates of current smoking in males for 153 local government areas (LGAs)
using data from the NSW Population Health Survey in Australia. Demographic variables from the
survey data were included as covariates, with LGA-level population proportions, obtained mainly
from the Australian Census used for prediction. For the EBLUP, the estimated plug-in estimates of
RMSEs can be used, provided the sample size for the small area is more than seven. For the EBP,
the plug-in estimates of RMSEs are suitable for all in-sample areas; out-of-sample areas need to use
estimated RMSEs that use the parametric bootstrap.

Keywords: small area estimation; SAE; empirical best predictor; MSE; parametric bootstrap; model-
based survey estimation; SAS procedures

1. Introduction

Local estimates of health risk factors are important for health promotion, service
delivery, evaluation and planning purposes. The New South Wales Population Health
Survey (NSWPHS) [1] is a large telephone survey that produces estimates of health risk
factors on an annual basis for the Australian state of New South Wales (NSW) and for the
broad health-administrative areas in NSW. Due to the small and sometimes non-existent
sample sizes at the local government area (LGA) level, conventional direct survey estimates
can only be used to create results with reasonable standard errors if data are aggregated
over multiple years or to broader geographic regions. In order to create local estimates
of health risk factors at the LGA level on an annual basis, small area estimation (SAE)
methods are needed.

There are three major hurdles to implementing SAE methods as part of routine analysis
of surveys such as the NSWPHS. One is determining the appropriate covariates to include
in the model. The second hurdle is obtaining estimates of the reliability associated with the
small area estimates, as measured by the root mean square error (RMSE). Finally, the SAE
methods need to fit seamlessly into the processes used for the routine analysis, which, for
this study, meant that analysis needed to use the statistical package SAS.
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In a previous paper [2] we showed how to create LGA-level small area estimates
for health risk factors from the NSWPHS. We considered how to determine the best set
of covariates, and estimation of bias in the absence of a gold standard. The small area
estimates were based on the empirical best linear unbiased predictor (EBLUP) for linear
mixed models and the empirical best predictor (EBP) for generalized linear mixed models.
As all routine analysis of data from the NSWPHS is run in SAS, the SAE processes also
need to be run in SAS. The estimates of RMSEs presented in [2] were based on ‘plug-
in’ estimators of RMSEs obtained from these SAS procedures. By plug-in, we mean the
estimates of RMSE created by the SAS procedure itself. This current paper explains the
reasoning behind using the plug-in estimates of RMSE in [2].

Providing estimates of RMSEs is important as they indicate the confidence users can
have in the small area estimates. The Prasad-Rao estimator of the RSME of the EBLUP
estimator consists of three components. The first component is the naïve estimator of
variance, which ignores the variability in the random effects term and is of O(1). The
second measures the variability due to estimating the fixed effects. Provided there are
a large number of small areas, G, it is of order O(G−1). The final component measures
the variability created by estimating the random effect term. It is the smallest of the three
components. See [3,4] for details. The estimation of the RMSE for a EBP is more complex,
usually requiring either Monte Carlo methods or maximum penalized quasi-likelihood
(MPQL) and REML methods [5]. Implementing these methods tends to require high-level
understanding of the underlying processes.

Statistical software packages are increasingly including options that can be used for
SAE, such as emdi [6] and sae [7] in R. The estimation of RMSEs is incorporated into
the programming in these packages; however, at times the estimation of MSEs can be
computationally complex, for instance, taking 38 min for a GLMM in [8].

If the estimates of the RMSEs obtained from plug-in estimated RMSEs—those created
automatically when obtaining predicted values from the analytical procedure—were similar
to those obtained by running the more computationally expensive methods, it would
potentially increase the use of SAE methods in routine reporting. Rao [3] mentions that the
SAS MIXED procedure can be used to estimate EBLUPs, but reports that the associated
estimates of RMSE are missing the third component of the Prasad-Rao estimator of RMSE.
The potential impact of missed components in the estimated RMSE will depend to some
extent on the use made of the small area estimates. Annual LGA-level estimates of health
risk factors from the NSWPHS would be used as one of many inputs in local evaluation
and planning. In this case the plug-in estimator of RMSEs may be suitable.

Resampling methods can also be used to create estimated RMSEs for small area esti-
mates [8–13]. The non-parametric bootstrap and Jackknife estimation of RMSEs involve
resampling from the observed values of the sample. The parametric bootstrap creates
estimates of the RMSEs of small area estimates by assessing the variability between the
replicates created by re-sampling and re-fitting the model to a large number of replicate
samples. The asymptotics of the various bootstrap methods have been extensively studied;
for instance, see [7,8]. This paper provides a practical example of using two different esti-
mation methods for RMSE to decide when the plug-in estimates of RMSE (those produced
as part of the standard output by statistical packages) can be considered reasonable for
the purpose for which the estimates are likely to be used. This was part of a practical
assessment of the potential of using SAS to provide small area estimates and the associated
estimates of RMSE.

We first fit an EBLUP model to the well-known corn data in Battese, Harter & Fuller
(BHF) [14] in SAS using the MIXED procedure. The RMSEs presented in the paper, which
are based on analytical approximations, are compared with the plug-in estimates of RMSEs
from the MIXED procedure in SAS and the estimated RMSEs created using a parametric
bootstrap. We then use data from the NSWPHS to create small area estimates for current
smoking in males in 2006 at the LGA level together with plug-in estimates of RMSEs
obtained from the MIXED procedure and estimates of RMSEs obtained using the parametric
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bootstrap. Because the response variable being assessed from the NSWPHS is binary, the
EBP based on the generalized linear mixed model with logit link is more appropriate. In
SAS, this requires use of the GLIMMIX procedure. Therefore, we then fit a GLMM to the
data for current smoking in males in 2006 using the GLIMMIX procedure in SAS. The plug-
in estimates of RMSE are then compared with those created using a parametric bootstrap.

The questions being asked are:

1. When applying the EBLUP estimator to the BHF corn data how well do the estimated
RMSEs using the parametric bootstrap compare with the estimated RMSEs created by
the MIXED procedure in SAS and the estimated RMSEs from Battese et al. [14]?

2. When applying the EBLUP estimator to the data from NSWPHS, how do the estimated
RMSEs from a parametric bootstrap compare with the estimated RMSEs obtained
from the MIXED procedure?

3. When fitting the more appropriate EBP to the data from the NSWPHS, how do
estimated RMSEs from a parametric bootstrap compare with the RMSEs of predictions
obtained using the SAS GLIMMIX procedure?

4. Does the parametric bootstrap for estimating RMSEs for the EBP provide sufficient
improvement over using the estimated RMSEs created by the GLIMMIX proce-
dure to require the additional time required to run the parametric bootstrap when
presenting results?

The aim of this work is to show the situations in which plug-in estimates of RMSE
associated with small area estimates of health risk factors at the LGA level can be considered
sufficiently robust to be used for guidance, policy development and evaluation, instead of
having to use more computationally extensive estimation methods.

Rao [3] provides a very good overview of other methods of RMSE estimation. Other
papers provide details of specific methods; for example, [15] provides information on
hierarchical Bayes methods. For resampling methods, see [8–13].

The rest of the paper is as follows. Section 2 outlines the methods used for producing
EBLUPs and EBPs and their RMSEs in SAS, and the associated estimates of RMSEs created
using the parametric bootstrap in SAS. It also provides background to the data used from
the NSWPHS. Further detail is provided in [2]. Section 3 provides the results of the analyses
comparing the different methods of estimating RMSEs, with discussion in Section 4.

2. Materials and Methods
2.1. Model and Parametric Bootstrap Estimation in SAS

In SAS, unit-level small area estimates are created using the MIXED procedure [16]
with the Kenward-Roger version of covariance estimation, REML estimation and the
asymptotic variance-covariance matrix of the estimators of the person and area level
variance components, σ2

e and σ2
ν [17]. Categorical covariates are fitted as indicator values

when fitting the model to sample data. The estimates and associated plug-in estimates of
RMSE for each small area are obtained by appending population data for each area to the
unit level dataset and requesting predictions by setting the option OUTP = name to the
model statement.

The method used to create estimates of RMSEs using a parametric bootstrap requires
the estimates of the area level variance component (σ̂2

ν ), person level variance (σ̂2
e ) and

regression coefficients (β̂) from the MIXED procedure. The process used to obtain the
parametric bootstrap estimates of RMSEs is presented in Appendix A.

EBPs for small areas require the fitting of a generalized linear mixed model with a logit
link. The SAS GLIMMIX procedure was used, setting a logit link and binary distribution in
the model statement. The plug-in estimates of RMSEs created by the GLIMMIX procedure
are based on linearization [16]. The parameter estimate convergence criterion was set to
1 × 10−5. As with the estimation process for the linear models, the predicted values and
associated plug-in estimates of RMSEs were obtained by appending records for each of
the LGAs to the unit record dataset. The indicator variables contained the LGA-specific
population proportions for each of the covariates used to fit the model. As the outcome
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variable field remained empty, these rows are not used in the development of the model;
however, predicted values are obtained for all records in the dataset, including these LGA-
level summary rows. The EBPs and associated estimated plug-in RMSEs for each area were
obtained by requesting PRED(BLUP ILINK) and STDERR(BLUP ILINK), respectively, in
the output statement.

The bootstrap process was based on the estimated values of σ̂2
ν and β̂ output from the

GLIMMIX procedure. See Appendix B for the parametric bootstrap process for estimating
RMSEs for the EBPs.

2.2. Data Sources

Two data sources were used in this paper. The first source was the corn crop data in
the seminal paper on the EBLUP model [14]. The original paper provides the full dataset
used to fit a linear mixed model to estimate the total area of corn crop by county. The
covariates in the model are the number of pixels for corn and soybeans in the sampled
segments, with the dependent variable being the reported number of hectares of corn in
those sampled segments.

The second data source arises from a project that investigated the feasibility of using
SAS procedures to create LGA level estimates of health risk factors from the NSWPHS. The
NSWPHS is a continuous CATI survey designed to provide reliable estimates of health risk
factors at the level of the health administrative areas in NSW [1]. At the time this work
was undertaken there were eight health administrative areas. The aim of the project was
to obtain estimates of health risk factors, together with estimates of their precision, for
each of the 153 LGAs from a single year of data. Details about the data source, analytical
methods and assessment of bias when there is no gold standard were presented in a
previous paper [2]. The unit record data for the project were supplied by the NSW Ministry
of Health under a privacy and confidentiality agreement. Binary versions of health risk
factors were used as the outcome variables; responses for demographic questions such
as age group, sex, marital status, level of qualification, language spoken at home and
private health cover were also available for use as covariates. Population proportions for
these demographic variables were mainly obtained from the Australian Bureau of Statistics
Census of Population and Housing [18], with information on private health cover obtained
from the social health atlas of NSW [19].

2.3. Fitting the Models to the Data Sources

For the data from the BHF paper, we fitted the linear mixed model using the MIXED
procedure in SAS, obtaining the plug-in estimates of RMSE for each area. The estimated
variance components and regression coefficients from the model were then used to obtain
the estimated RMSEs using the parametric bootstrap. Both sets of estimated RMSEs were
then visually compared to the estimated RMSEs presented in the original paper.

The MIXED and GLIMMIX procedures were applied to the data from the NSWPHS to
obtain the EBLUPs and EBPs for each of the 153 LGAs, and associated estimates of RMSEs.
In both cases age group, marital status, level of qualification and private health cover were
included in the model as indicator variables. The sampling fraction for the NSWPHS is
negligible, so the impact of including the sample means for each LGA in the SAE method
would be negligible.

The estimates σ̂2
ν , σ̂2

e and β̂ obtained from fitting the EBLUP were used in the para-
metric bootstrap process to estimate the RMSEs using the process outlined in Appendix A.
The estimates of σ̂2

ν and β̂ obtained from fitting the EBP model were used to estimate the
RMSEs based on the logistic version of the parametric bootstrap process, as outlined in
Appendix B.

The linear model and parametric bootstrap estimation of RMSEs was repeated using a
model where the only covariate group was the age group.

In each case, the estimated RMSEs from the bootstrap process were compared with
the plug-in estimates of RMSEs produced by the SAS procedure. As the project was aimed
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at providing a practical example of using SAE methods with real data, we did not use
a simulation.

3. Results
3.1. Validation Using BHF Data

For the BHF data the plug-in estimates of RMSEs created by the MIXED procedure
were slightly higher than the estimated RMSEs presented in the original paper (Figure 1).
In comparison, the bootstrap estimates of RMSEs were almost identical to the RMSEs
presented in the original paper and slightly lower than the estimated RMSEs from the
MIXED procedure. The estimated RMSEs were highly correlated (R2 > 0.99).

Stats 2021, 4 FOR PEER REVIEW  5 
 

 

the RMSEs based on the logistic version of the parametric bootstrap process, as outlined 
in Appendix B. 

The linear model and parametric bootstrap estimation of RMSEs was repeated using 
a model where the only covariate group was the age group. 

In each case, the estimated RMSEs from the bootstrap process were compared with 
the plug-in estimates of RMSEs produced by the SAS procedure. As the project was aimed 
at providing a practical example of using SAE methods with real data, we did not use a 
simulation. 

3. Results 
3.1. Validation Using BHF Data 

For the BHF data the plug-in estimates of RMSEs created by the MIXED procedure 
were slightly higher than the estimated RMSEs presented in the original paper (Figure 1). 
In comparison, the bootstrap estimates of RMSEs were almost identical to the RMSEs pre-
sented in the original paper and slightly lower than the estimated RMSEs from the MIXED 
procedure. The estimated RMSEs were highly correlated (R2 > 0.99). 

 
Figure 1. Estimated RMSEs of predicted area of corn from parametric bootstrap and SAS MIXED 
procedure against estimated RMSE presented in [14]. 1:1 line included for reference purposes. 

3.2. Estimated RMSE When Fitting EBLUP to Data from NSWPHS 
Figure 2 shows the estimated RMSEs for the EBLUPs using the parametric bootstrap 

and the MIXED procedure for current smoking in males, 2006 (also see Figure S1 in the 
supplementary material online). The bootstrap estimates of RMSE are, in general, slightly 
lower than, but in the same order of magnitude, as the plug-in estimates of RMSE. There 
is a cluster of areas where the plug-in estimates of RMSEs are around 0.032. All these areas 
have seven or fewer responses, and, contrary to theory, it suggests that the estimated 
RMSEs for areas with fewer than seven responses are lower than the estimated RMSEs for 
areas with larger sample sizes. The value of 0.032 is very close to the theoretical maximum 
RMSE based on the first term of the Prasad-Rao estimator of MSE ([3], p. 137) and [4]. This 
term is the dominant component of the RMSEs. 

Figure 1. Estimated RMSEs of predicted area of corn from parametric bootstrap and SAS MIXED
procedure against estimated RMSE presented in [14]. 1:1 line included for reference purposes.

3.2. Estimated RMSE When Fitting EBLUP to Data from NSWPHS

Figure 2 shows the estimated RMSEs for the EBLUPs using the parametric bootstrap
and the MIXED procedure for current smoking in males, 2006 (also see Figure S1 in the
Supplementary Material Online). The bootstrap estimates of RMSE are, in general, slightly
lower than, but in the same order of magnitude, as the plug-in estimates of RMSE. There
is a cluster of areas where the plug-in estimates of RMSEs are around 0.032. All these
areas have seven or fewer responses, and, contrary to theory, it suggests that the estimated
RMSEs for areas with fewer than seven responses are lower than the estimated RMSEs for
areas with larger sample sizes. The value of 0.032 is very close to the theoretical maximum
RMSE based on the first term of the Prasad-Rao estimator of MSE ([3], p. 137) and [4]. This
term is the dominant component of the RMSEs.
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Figure 2. Bootstrap versus plug-in RMSEs for LGA-level EBLUP model-based estimates of proportion
of smoking in males, 2006, using a linear mixed model. The model included age group, marital status,
education level and private health status.

The issue does not occur for estimated RMSEs obtained from the bootstrap (the green
squares in Figure 2), nor is it observed when a less complex model using only age group as
a covariate is fitted (Figure 3), and Figure S2 in the Supplementary Material Online.
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Figure 3. Bootstrap versus plug-in RMSEs for LGA-level EBLUP model-based estimates of proportion
of smoking in males, 2006, using linear mixed model. Model included age group only.

In the three situations presented for the linear model, the plug-in estimates of RMSE are
almost always higher than those obtained from the parametric bootstrap (see Figures 1–3).
The level of agreement between the two sets of estimates of RMSEs is greater for the less
complex model, however, as shown by comparing Figures 2 and 3.

3.3. Estimated RMSE When Fitting EBP to Data from the NSWPHS

Apart from three points where the sample size for these is zero, the bootstrap and plug-
in estimates of RMSEs for EBPs based on the GLIMMIX procedure are highly correlated
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(Figure 4 and Figure S3 in the Supplementary Material Online), and both sets of estimated
RMSEs have similar median, mean and maximum values (Table 1).
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Figure 4. Bootstrap versus plug-in RMSEs for LGA-level EBP model-based estimates of proportion of
smoking in males, 2006, using a generalised linear mixed model with logit link. The model included
age group, marital status, education level and private health status.

Table 1. Summary statistics for estimated RMSE using output from the GLIMMIX procedure,
parametric bootstrap.

Source of Estimates
of RMSE Minimum Median Mean Maximum

Plug-in (from procedure) 1.3% 3.5% 3.5% 4.6%
Parametric Bootstrap 2.7% 3.6% 3.6% 4.5%

The three outliers are for out-of-sample areas. For these, the minimum estimated
RMSEs from the bootstrap method is 2.7%, compared with 1.3% for the plug-in version. It
is well known that, because the random effect term in the estimates for out-of-sample areas
is zero, the estimates of RMSEs produced by a GLMM for out-of-sample areas will revert
to the RMSE of the associated synthetic estimate. In these cases the parametric bootstrap
provides a much better estimate of the RMSE because it takes into account the variability
in the random effects term, even for out-of-sample areas.

Graphs of the estimated RMSEs of the EBLUP and EBP model-based LGA esti-
mates against the number of responses are provided in the supplementary material
available online.

4. Discussion

At times there may be a need to use more complex methods for estimating RMSEs
associated with small area estimates, however in the work being undertaken using the
NSWPHS data, and in other applications involving routine production of small area esti-
mates, it may be sufficient to base RMSEs on plug-in estimates, and at least in preliminary
work, as this will reduce the length of time required for processing.

When compared with the estimated RMSEs for the corn data provided in the original
BHF paper [14], the plug-in estimates of RMSE from the MIXED procedure were marginally
higher than those reported in the paper. We expected that the plug-in estimates of RMSE
would be slightly lower than the estimated RMSEs in the paper because of the potentially
missed component of the Prasad-Rao estimator [3]. The same result was obtained by
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Mukhopadhyay and McDowell [17]. The plug-in estimates of RMSE could therefore be
considered ‘conservative’.

Estimates of the RMSEs obtained from the parametric bootstrap were almost identical
to those in the paper.

The bootstrap estimates of RMSEs for the EBLUP model tend to underestimate the true
variance because, although they account for the variability created by the σ̂2

ν and σ̂2
e terms,

they don’t consider the variance of the regression coefficients. The impact of this should be
small, as the estimation of the regression coefficients is based on the entire data set.

One of the disadvantages of the parametric bootstrap process is that any model
misspecification is ignored: underlying the entire parametric bootstrap process is the
assumption that the model applies. Therefore, any potential misspecification of the model
needs to be addressed based on model diagnostics applied to the original model, as in any
statistical analysis.

An advantage of the parametric bootstrap is that it can be used to obtain an esti-
mate of the precision of the estimated RMSEs by repeating the bootstrap process many
times, much like what is possible through a hierarchical Bayes approach, but from a
frequentist paradigm.

When applied to data from the NSWPHS, the plug-in and parametric bootstrap
estimates of RMSEs under the linear mixed model gave very similar results for most areas.

There are three possible reasons for the anomalies in estimated plug-in RMSEs ob-
served for areas with small sample size and complex models.

1. The linear model may be the issue here. The outcome variable is binary in nature, and
this may provide evidence that the linear model is not appropriate when the sample
size is very small.

2. It may indicate a breakdown of the SAS version of the Prasad-Rao estimate of RMSE.
The Kenward-Roger method of variance estimation in SAS uses a Satterthwaite-type
method to estimate the degrees of freedom. And the behavior of the Satterthwaite
method of assessment has not been assessed fully when there are small sample
sizes [16].

3. The Taylor series linearization approximation process used to estimate the Prasad-Rao
estimator of RMSE in SAS may not be accurate with small sample sizes.

There is no such issue with the estimated RMSEs for the EBP estimates, however the
plug-in estimates of RMSEs were too low for out-of-sample areas, as in these situations they
reverted to the RMSEs of the synthetic estimates. Although the ideal approach to estimate
RMSEs for these out-of-sample areas would involve either the parametric bootstrap or
other methods of estimation; a quicker alternative could be to substitute the maximum
estimated RMSE from in-sample areas for out-of-sample areas. Public reporting of the
results for such out-of-sample areas should be accompanied by an appropriate note to
indicate how the RMSEs have been estimated.

The results of this work were used to justify using the plug-in estimates of the RMSEs
from the MIXED and GLIMMIX procedures in SAS in [2,20]. Out-of-sample areas were
given the maximum RMSE for in-sample areas.

The ability to use plug-in estimates of the RMSEs when creating small area estimates
may lead to more opportunities for SAE methods to be routinely used in health and social
agencies. One such application would be in creating estimates of health risk factors for
LGAs in NSW from the NSWPHS, although this survey was developed to provide estimates
for the large health areas in the state. As with any estimates, small area estimates should
be accompanied by details of the method of estimation of both the estimates themselves
and the RMSEs.

We have used the BHF data and the NSWPHS data to compare plug-in estimates
of RMSEs created by SAS procedures and parametric bootstrap procedures. For the
practical purposes to which the small area estimates are expected to be put, these methods
are considered effective. For binary outcome variables where the GLMM is the more
appropriate model, the estimated RMSEs for out-of-sample areas should be obtained



Stats 2021, 4 939

from the parametric bootstrap, or alternatively they can be given the maximum RMSE for
in-sample areas, provided such a decision is documented clearly.

Other papers provide comparisons between parametric bootstrap estimates and other
methods of estimation of RMSE, including the use of simulation studies. See, for in-
stance, [8,9,21,22]. They generally find that the parametric bootstrap compares favorably
with more computationally complex estimation methods.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10.3
390/stats4040054/s1, Figure S1: Bootstrap and plug-in RMSEs for EBLUP model-based estimates of
proportion of smoking against number of responses to the question by LGA, males, 2006. Model
included age group, marital status, education level and private health status, Figure S2: Bootstrap
and plug-in RMSEs for EBLUP model-based estimates of proportion of smoking against number of
responses to the question by LGA, males, 2006. Model included age group only, Figure S3: Bootstrap
and plug-in RMSEs for EBP model-based estimates of proportion of smoking against number of
responses to the question by LGA, males, 2006. Model included age group, marital status, education
level and private health status.
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Appendix A. Steps to Create Parametric Bootstrap Estimate of MSE of
EBLUP Estimator

1. Fit the linear mixed model (Equation (A1)) to the data and save the values of σ̂2
ν σ̂2

e
and β̂.

yig = x′igβ + νg + eig (A1)

where yig is the response of the ith person in the gth small area,

ng is the sample size in the gth small area, i = 1 . . . ng, g = 1 . . . G,
x′ig is the vector of covariate values from the survey,
β is the vector of regression coefficients,
νg is a random effect reflecting area level effects, νg are independent N(0, σ2

ν ),
eig are the random errors independent N(0, σ2

e ).

For each simulation (k = 1 . . . K), continue as follows:

https://www.mdpi.com/article/10.3390/stats4040054/s1
https://www.mdpi.com/article/10.3390/stats4040054/s1
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2. For each area (g) generate a random area term νg
∗ from the distribution νg

∗ ∼ N (0, σ̂2
ν ).

3. For each observation i = 1 . . . n, generate a normal error term ei
∗ from the distribution

ei
∗ ∼ N(0, σ̂2

e ).
4. Use Equation (A1) to simulate n values of yig, yig

∗ using ei
∗ and νg

∗ generated in
steps 2 and 3, together with the covariates and vector of regression coefficients, and
with ng being the same as in the sample.

5. Fit the linear mixed model to the simulated values and obtain the EBLUP estimates

for each simulation (Ỹ
∗
g) for each area (Equation (A2)).

Ỹ
∗
g = X′ig β̂∗ + ν̂g

∗ (A2)

where X′ig is the vector of covariates associated with the ith person in the gth small
area, obtained from census or other origin, and assumed known without error.

6. Also, calculate the ‘true’ value of Ỹg (Equation (A3)) associated with the kth simulation.

Ŷg = X′ig β̂ + νg
∗ (A3)

7. Repeat steps 2 to 6, K times (at least 1000 is suggested).
8. Calculate the bootstrap estimate of the MSE of the EBLUP estimator for the gth area

using Equation (A4).

MSEbg =
1
K ∑

(
Ŷg − Ỹg

∗
)2

(A4)

Appendix B. Steps to Create Parametric Bootstrap Estimate of MSE of EBP Estimator

1. Fit the non-linear mixed model (Equation (A5)) to the data using a logit link with the
required covariates and save the values of σ̂2

ν and β̂.

logit
(
yig
)
= x′igβ + νg (A5)

where yig is the response of the ith person in the gth small area, g = 1 . . . G,

ng is the sample size in the gth small area, i = 1 . . . ng,
x′ig is the vector of covariate values from the survey,
β is the vector of regression coefficients
νg is a random effect reflecting area level effects, νg are independent, N(0, σ2

ν ),

For each simulation (k = 1 . . . K), continue as follows:

2. For each area (g) generate a random area term νg
∗ from the distribution νg

∗ ∼ N (0, σ̂2
ν ).

3. Generate n simulated values of yig,, with ng being the same as in the sample, yig
∗.

This is a two-step process.

a. First, use Equation (A6) to calculate E(p) substituting νg
∗ generated in step 2,

together with the observed value of covariates and vector of estimated regression
coefficients from step 1.

E(p) =
exp

(
x′ig β̂ + ν̂g

∗
)

1 + exp
(

x′ig β̂ + ν̂g∗
) (A6)

b. Create a random variable between 0 and 1, for the n observations. For each
observation, if the random variable is less than E(p) then yig

∗ = 1 for the kth

similation, otherwise yig
∗ = 0.
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4. Fit the same model as in step 1 to this set of simulated values, obtaining the estimated
EBP for each area P̂∗g (Equation (A7)) associated with the kth simulation.

P̂∗g =
exp

(
X′g β̂∗ + ν̂g

∗
)

1 + exp
(

X′g β̂∗ + ν̂g∗
) (A7)

5. For each replicate also calculate the ‘true’ value, given the simulated value of the
random error variance term (Equation (A8)).

P∗g =
exp

(
X′g β̂ + ν̂g

∗
)

1 + exp
(

X′g β̂ + ν̂g∗
) (A8)

6. Repeat steps 2 to 6, K times (at least 1000 is suggested).
7. Calculate the bootstrap estimate of the MSE of the EBP estimator for the gth area using

Equation (A9).

MSEbg =
1
K ∑

(
P̂∗g − P∗g

)2
(A9)
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