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Abstract: 11 

Small area estimation (SAE) methods can provide information that conventional direct survey esti- 12 
mation methods cannot, but the use of SAEs is still very limited. One way to increase the use of SAE 13 
methods is to reduce the complexity of estimating the root mean square error (RMSE) of the esti- 14 
mates. This paper investigates the parametric bootstrap and the estimated RMSE produced as part 15 
of the output from SAS procedures as options. After showing that the estimated RMSE from the 16 
MIXED procedure in SAS and an estimated RMSE using a parametric bootstrap are similar to the 17 
published estimated RMSEs for the corn data in Battese, Harter & Fuller [9], the parametric boot- 18 
strap is used to estimate the RMSEs of SAEs for current smoking in males for local government areas 19 
(LGAs) obtained from the NSW Population Health Survey in Australia using EBLUP and EBP meth- 20 
ods. For the EBLUP, the estimated RMSEs for the parametric bootstrap are similar to the estimated 21 
RMSEs created by the SAS MIXED procedure, except when the sample size for the small area is less 22 
than 5. Below this level the parametric bootstrap estimate gives a better estimate of RMSEs. For the 23 
EBP, the estimated bootstrap RMSEs were only noticeably different to RMSE estimates produced 24 
by the GLIMMIX procedure for LGAs with no respondents in the sample. Estimates of RMSE from 25 
the GLIMMIX procedure can be used for small area estimation, with parametric bootstrap produc- 26 
ing better estimates of RMSEs for out-of-sample areas.  27 

Keywords: Small Area Estimation; SAE; Empirical Best Predictor; MSE, parametric bootstrap, 28 
model-based survey estimation  29 
 30 

1. Introduction 31 
Local estimates of health risk factors are important for health promotion, service de- 32 

livery, evaluation and planning purposes. The New South Wales Population Health Sur- 33 
vey (NSWPHS) [1] is a large telephone survey that produces estimates of health risk fac- 34 
tors on an annual basis for the Australian state of New South Wales (NSW) and for the 35 
broad health-administrative areas in NSW. Due to the small and sometimes non-existent 36 
sample sizes at the local government area (LGA) level, conventional direct survey esti- 37 
mates can only be used to create results with reasonable standard errors if data are aggre- 38 
gated over multiple years or to broader geographic regions. In order to create local esti- 39 
mates of health risk factors at the LGA level on an annual basis, small area estimation 40 
(SAE) methods are needed.  41 

There are two major hurdles to implementing small area estimation methods as part 42 
of routine analysis of surveys such as the NSWPHS. One is determining the appropriate 43 
covariates to include in the model and the second is obtaining estimates of the reliability 44 
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associated with the small area estimates, as measured by the root mean square error 45 
(RMSE).  46 

A previous paper [2] provides an assessment of SAE methods based on the empirical 47 
best linear unbiased predictor (EBLUP) for linear mixed models and the best empirical 48 
predictor (EBP) for generalized linear mixed models that can be used to create LGA esti- 49 
mates for health risk factors from the NSWPHS. The paper also suggests how to determine 50 
the best set of covariates and obtain estimates of bias. This current paper provides back- 51 
ground to the method of estimating the RMSE used in [2]. 52 

Providing estimates of RMSEs is important as the RMSE indicates the confidence us- 53 
ers can have in the estimates themselves. Estimation of the RMSE of the EBLUP consists 54 
of three parts [3] and the estimation of the RMSE for a EBP is even more complex. It re- 55 
quires several assumptions and approximations that require either Monte Carlo methods 56 
or maximum penalised quasi-likelihood (MPQL) and REML methods [4]. Implementing 57 
these methods require high-level understanding of the underlying processes. Although 58 
statistical software packages may include options that can be used for small area estima- 59 
tion, the estimates of RMSE created in these statistical packages may be missing one or 60 
more components of the RMSE [3]. 61 

The potential impact of missed components in the estimated RMSE will depend to 62 
some extent on the “use case” of the SAE estimates. Annual LGA-level estimates of health 63 
risk factors from the NSWPHS would be used as one of many inputs in local evaluation 64 
and planning. Estimates based on SAE methods need to be accompanied by estimates of 65 
RMSEs to indicate the reliability of the results; if the estimates of RMSE could be obtained 66 
without resorting to computationally complex methods it is likely that SAE methods 67 
would be taken up more widely. 68 

The parametric bootstrap provides an alternative to the computationally complex 69 
methods. An estimate of the RMSE of a small area estimator is obtained by assessing the 70 
variability between the replicates created by re-sampling and re-fitting the model to a 71 
large number of replicate samples. Resampling methods have been used in other small 72 
area estimation situations [5-7]. The non-parametric bootstrap and Jackknife estimation of 73 
RMSEs involve resampling from the actual observed values of the sample. When sample 74 
sizes are very small both of these methods do not provide good estimates of RMSE [8], so 75 
this paper focuses on using the parametric bootstrap. 76 

An advantage of the parametric bootstrap approach is that people who do not have 77 
the mathematical background to implement or troubleshoot code that requires matrix 78 
method can usually understand and have confidence in a bootstrap method. It also gives 79 
an independent method against which to compare the estimated RMSE produced as part 80 
of the standard output by statistical packages such as SAS.  81 

To assess the usefulness of the parametric bootstrap approach we first apply the par- 82 
ametric bootstrap to obtain the estimated RMSE for the corn data in Battese, Harter & 83 
Fuller (BHF) [9], comparing the results to those in the paper and the estimated RMSE ob- 84 
tained from the MIXED procedure in SAS. We then apply the parametric bootstrap 85 
method to obtain estimates of the RMSE for the EBLUP estimator for current smoking in 86 
males in 2006 using data from the NSWPHS and compare these to the estimates of RMSE 87 
obtained from the MIXED procedure. The response variable for the corn data is continu- 88 
ous for which the EBLUP, based as it is on a linear mixed model, is appropriate. The re- 89 
sponse variables from the NSWPHS are mainly categorical, in which case the EBP, based 90 
on the generalised mixed model is more appropriate. Therefore, the data used to fit the 91 
EBLUP are used to obtain EBP estimators using the GLIMMIX procedure in SAS, and the 92 
estimated RMSEs output from the GLIMMIX procedure were compared with those cre- 93 
ated using a parametric bootstrap. 94 

The questions being asked are:  95 
1. 1. When applying the EBLUP estimator to the BHF corn data how well do the esti- 96 

mated RMSEs using the parametric bootstrap compare with the estimated RMSEs 97 
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created by the software (in this case, the MIXED procedure in SAS) and the estimated 98 
RMSEs from the Battese et al [9] 99 

2. 2. When applying the EBLUP estimator to the data from NSWPHS, how do the esti- 100 
mated RMSEs from a parametric bootstrap compare with the estimated RMSEs ob- 101 
tained from the MIXED procedure  102 

3. 3. When fitting the more appropriate EBP to the data from the NSWPHS, how do 103 
estimated RMSEs from a parametric bootstrap compare with the RMSEs of predic- 104 
tions obtained using SAS GLIMMIX procedure  105 

4. 4. Does the parametric bootstrap for estimating RMSEs for the EBP provide sufficient 106 
improvement over using the estimated RMSEs created by the GLIMMIX procedure 107 
to require the additional time required to run the parametric bootstrap when pre- 108 
senting results? 109 
The aim of this work is to provide guidance for epidemiologists and other public 110 

health professionals to allow them to produce estimates of health risk factors and their 111 
associated estimated RMSEs for their LGAs even if they are not proficient at matrix alge- 112 
bra. In this situation, SAEs and the and level of error associated with them are used for 113 
guidance, policy development and evaluation.  114 

Other options for calculating RMSEs are available, such as Hierarchical Bayes [10] 115 
and matrix methods [11] and may be more appropriate in certain situations. 116 

2. Materials and Methods 117 
For the first part of the evaluation, data in the seminal paper on the EBLUP model [9] 118 

were uploaded into SAS V9.2 [12]. The data were analyzed using the MIXED procedure 119 
in SAS based on the method used by Mukhopadhyay and McDowell [13] and compared 120 
to the estimated RMSEs in the original paper. The values of the area level variance com- 121 
ponent(𝜎"!"), person level variance (𝜎"#") and regression coefficients (𝛽$) from the MIXED 122 
procedure were then used to estimate the RMSE using the parametric bootstrap process 123 
(see Appendix A for details). 124 

For the second part of the evaluation, SAEs using the EBLUP were obtained for cur- 125 
rent smoking in males using unit record survey data from the 2006 NSWPHS together 126 
with area level covariates: proportions for age group, marital status, level of qualification 127 
[14] and private health cover [15]. Where possible, sex-specific data were included in the 128 
models. Unit record data for all these variables were available from the survey. The unit 129 
level covariate data used indicator variables for each level of each categorical covariate.  130 

The estimates of 𝜎"!", 𝜎"#" and 𝛽$	obtained from fitting the EBLUP were used in the 131 
parametric bootstrap process to estimate the RMSEs. The estimated RMSEs from the 132 
MIXED procedure were compared with the estimated RMSEs from the bootstrap process. 133 
See Appendix A for details of the parametric bootstrap for the EBLUP. 134 

Finally, the third part of the evaluation involved fitting the EBP using the GLIMMIX 135 
procedure in SAS to the same data from NSWPHS as used for the EBLUP in the previous 136 
part of the evaluation. The GLIMMIX procedure provides estimated values of 𝜎"!" and 137 
𝛽$	that were used in the parametric bootstrap process to estimate the RMSEs as outlined in 138 
Appendix B. The estimated RMSEs from the bootstrap process were compared with the 139 
estimated RMSEs produced by the GLIMMIX procedure, which are based on lineariza- 140 
tion.  141 

3. Results 142 
3.1. Validation using BHF data 143 

The estimated RMSEs of predictions using the MIXED procedure output for the corn 144 
data are slightly higher than the estimated RMSEs presented in the original paper (Figure 145 
1). In comparison, the bootstrapped estimates of RMSE are almost identical to the RMSEs 146 
presented in the original paper and slightly lower than the estimated RMSEs from the 147 
MIXED procedure.  148 
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As the estimated RMSEs using the MIXED procedure are slightly more conservative 149 
than the estimated RMSEs presented in the original paper, it is possible to estimate the 150 
RMSE of the predictions from a unit level model using a straightforward parametric boot- 151 
strap procedure, without using methods employing matrix algebra.  152 

 153 
Figure 1: Estimated RMSE of predicted area of corn from parametric bootstrap (pink squares) and 154 
SAS MIXED procedure (blue diamonds) against estimated RMSE presented in [9]. 1:1 line pre- 155 
sented for reference purposes. 156 

Based on this comparison, use of the parametric bootstrap is shown to be an effective 157 
method of estimating RMSE for the EBLUP, and the estimated RMSE produced by the 158 
MIXED procedure is slightly lower but highly correlated. 159 

3.2. Estimated RMSE using EBLUP 160 
Figure 2 shows the estimated RMSEs for the EBLUPs using the parametric bootstrap 161 

and the MIXED procedure. The bootstrap estimates of RMSE (denoted RMSEbs) are, in 162 
general, slightly lower than, but in the same order of magnitude as the estimates of RMSE 163 
output from the MIXED procedure (denoted RMSEp). There is a cluster of areas where 164 
RMSEp ~ 0.032. All the areas involved have five or fewer responses. The value of 0.032 is 165 
very close to the theoretical maximum RMSE based on the g1g term, the dominant com- 166 
ponent of the Prasad-Rao estimator of MSE [16] ([3] page 137). The anomaly does not oc- 167 
cur for RMSEbs (Figure 2), nor is it observed in a less complex model, for instance when 168 
the covariates only include age groups (Figure 3). There is also greater agreement between 169 
the bootstrap and the estimates of RMSE obtained from the MIXED procedure in the less 170 
complex model. 171 

 172 
Figure 2: Bootstrap vs PROC MIXED RMSE, SMK, 2006, male, linear with age group, marital sta- 173 
tus, education level and private health status as covariates. Dotted line shows 1:1 correspondence. 174 
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Green markers denote sample size 5 or less; red markers denote areas where direct estimate is 175 
zero.  176 

 177 
Figure 3: Bootstrap vs PROC MIXED RMSE SMK, 2006, male, linear, age group covariates only. 178 
Dotted line shows 1:1 correspondence. Green markers denote sample size 5 or less; red markers 179 
denote areas where direct estimate is zero.  180 

3.2. Estimated RMSE using EBP 181 
The minimum estimated RMSE from the bootstrap method is 2.7%, compared with 182 

1.3% for the RMSE produced by the GLIMMIX procedure (Table 1). The maximum values 183 
are almost the same. Three LGAs have no responses for males in 2006. As the random 184 
effect term in the estimates for out-of-sample areas is zero, the estimates of RMSE pro- 185 
duced by the GLIMMIX procedure for these out-of-sample areas will be those of the syn- 186 
thetic estimate. On the other hand, because of the variability in the random effect term 187 
factored into the parametric bootstrap, the bootstrap estimates of RMSE for these out-of- 188 
sample areas are far more appropriate. One of the three out-of-sample areas has an esti- 189 
mated bootstrap RMSE that is towards the maximum obtained from the parametric boot- 190 
strap process, but the other two have estimates that are only slightly higher than the mean 191 
RMSE (Figure 4). Because the in-sample areas have similar estimates between the boot- 192 
strap and the RMSE estimate produced as part of by the GLIMMIX procedure, if quick 193 
analysis is required then it may be more time-efficient to simply substitute the maximum 194 
value of the RMSE estimates produced as part of by the GLIMMIX procedure for these 195 
out-of-sample areas. This may over-estimate the RMSE for some of the out-of-sample ar- 196 
eas, but it gives a margin of error of less than 10%, which, for an out-of-sample area is 197 
excellent.  198 

Table 1. Summary statistics for estimated RMSE using output from the GLIMMIX procedure, par- 199 
ametric bootstrap 200 

Source of estimate 
of RMSE Minimum Median Mean Maximum 

GLIMMIX  
procedure 

1.3% 3.5% 3.5% 4.6% 

Bootstrap 2.7% 3.6% 3.6% 4.5% 

 201 
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 202 
Figure 4. Bootstrap vs PROC GLIMMIX estimates of RMSE for EBP estimates, SMK, 2006, male. 203 
Dotted line shows 1:1 correspondence. Green markers denote sample size 5 or less; red markers 204 
denote out-of-sample areas. 205 

4. Discussion 206 
When compared with the estimated RMSEs for the corn data provided in the original 207 

BHF paper [9], the estimated RMSE based on the MIXED procedure created slightly lower 208 
estimates. Estimates obtained from the parametric bootstrap were almost identical to 209 
those in the paper. This suggests that the estimation method for RMSE in the MIXED pro- 210 
cedure may indeed omit the third component of RMSE, which is of the order O(ng-1). The 211 
first two components are larger and therefore more important components. At times there 212 
may be a need for the estimate of RMSE to include the third component; at other times it 213 
may be sufficient to use an estimated RMSE that captures the most important components 214 
and is easier to calculate.  215 

When applied to data from the NSWPHS, most estimates of RMSE were very similar 216 
between the parametric bootstrap and those obtained from the procedures themselves. 217 
For the MIXED procedure an anomaly was observed when the model was involved sev- 218 
eral covariates and the sample size for an area was less than 5. For the GLIMMIX proce- 219 
dure, the only time when the RMSEs created by the GLIMMIX procedure were under- 220 
estimates was for out-of-sample LGAs.  221 

There are three possible reasons for the anomalies in estimated RMSEs produced by 222 
the MIXED procedure and observed for areas with small sample size and complex models. 223 
1. The linear model may be the issue here. The outcome variable is binary in nature, 224 

and this may provide evidence that the linear model is not appropriate when the 225 
sample size is very small. 226 

2. It may indicate a breakdown of the SAS version of the Prasad Rao (PR) estimate of 227 
RMSE. SAS documentation [12] mentions that the behaviour of the Satterthwaite 228 
method of assessment has not been assessed fully when there are small sample sizes. 229 
The Kenward-Roger method of variance estimation in SAS uses a Satterthwaite-type 230 
method to estimate the degrees of freedom. 231 

3. It could be that the Taylor series linearization approximation process used to estimate 232 
the PR estimator of RMSE in SAS is not particularly accurate with small sample sizes.  233 
There is no such issue with the estimated RMSE for the EBP estimates, except for out- 234 

of-sample areas. Although for these areas, the ideal approach would involve either the 235 
parametric bootstrap or using matrix methods, another alternative is to substitute the 236 
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maximum estimated RMSE from in-sample areas for areas that have no responses. This 237 
method is likely to overestimate the RMSE, making it a conservative option. From a time- 238 
saving point of view it avoids having to run the parametric bootstrap. 239 

The results of this work were used to justify using output from the MIXED and 240 
GLIMMIX procedures to estimate RMSE in [17] and [2]. Out-of-sample areas were given 241 
the maximum RMSE for in-sample areas.  242 

When using the parametric bootstrap, care must be taken to ensure that the model 243 
specification is correct. Any misspecification that shows up in model diagnostics applied 244 
to the original model, needs to be addressed prior to running the parametric bootstrap. 245 

Estimates of the precision of the bootstrap estimate of RMSE can be obtained by run- 246 
ning the parametric bootstrap a large number of times.  247 

The ability to estimate the RMSE when creating small area estimates without having 248 
to run complex code and/or understand matrix algebra may lead to more opportunities 249 
for small area estimation to be routinely used in applied statistical areas. One such area 250 
would be for creating estimates of health risk factors for 150 LGAs in NSW from the 251 
NSWPHS despite this survey being developed to provide estimates of these health risk 252 
factors within the large health areas in the state. Like results from any other statistical 253 
analysis, small area estimates should be accompanied by details of the method of estima- 254 
tion of both the estimates themselves and the RMSE.  255 

This paper has outlined what is quite a simplistic comparison of RMSE between the 256 
estimated RMSE from a paper with those produced by procedures in SAS and those pro- 257 
duced with a parametric bootstrap. Definitive proof would require direct comparison of 258 
complex methods against those presented in this paper, however the level of sophistica- 259 
tion presented was considered sufficient for the purposes to which the small area esti- 260 
mates were expected to be put.   261 

If estimates at the LGA level have been requested using data from the NSWPHS, they 262 
have usually been based on 6 or 7 years of aggregated data and only provided where there 263 
are at least 200 responses, and are not publicly available. Small area estimates produced 264 
from other survey data sources may be created using synthetic estimates that avoid the 265 
need to consider complex matrix algebra, while others may present the estimates without 266 
including any measure of precision. Each of these alternatives has drawbacks: Estimates 267 
based on data aggregated over several years mean that it is not possible to create an an- 268 
nual time series to assess current trends, and LGAs will be unreported if they have fewer 269 
than 200 responses. The RMSE of synthetic estimates are known for under-estimating the 270 
bias, and providing estimates without any measure of quality makes it hard to know 271 
whether the results are fit-for-purpose. When compared to these alternatives, using the 272 
estimated RMSEs obtained from the GLIMIX procedure, with out-of-sample areas given 273 
the maximum RMSE for in-sample areas, or the RMSEs obtained from the parametric 274 
bootstrap provides a much better option.  275 
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Appendix A – Steps to create parametric bootstrap estimate of MSE of EBLUP estimator 302 
1. Fit the linear mixed model (Equation 1) to the data and save the values of 𝜎"!" 𝜎"#" 303 

and 𝛽$. 304 

𝑦$% = x$%& 𝜷 + 𝜈% + 𝑒$% (1) 

where 𝑦$%is the response of the 𝑖'( person in the 𝑔'( small area, 305 
𝑛% is the sample size in the 𝑔'( small area, 𝑖 = 1…𝑛%, 𝑔 = 1. . . 𝐺, 306 
x$%& is the vector of covariate values from the survey,  307 
𝜷 is the vector of regression coefficients  308 
𝜈%is a random effect reflecting area level effects, 𝜈%	are independent N(0,	𝜎!"),  309 
𝑒$%are the random errors independent N(0,	𝜎#") 310 

For each simulation (𝑘 = 1…𝐾), continue as follows: 311 
2. For each area (𝑔) generate a random area term 𝜈%∗from the distribution 	𝜈%∗ 	∼ 312 

𝑁	(	0, 𝜎"!")  313 
3. For each observation 𝑖 = 1…𝑛, generate a normal error term 𝑒$∗from the distribu- 314 

tion 	𝑒$∗ 	∼ 𝑁(	0, 𝜎"#") 315 
4. Use Equation 1 to simulate 𝑛 values of 𝑦$%, 𝑦$%∗ using 𝑒$∗and 𝜈%∗ generated in 316 

steps 2 and 3, together with the covariates and vector of regression coefficients, 317 
and with 𝑛% being the same as in the sample 318 

5. Fit the linear mixed model to the simulated values and obtain the EBLUP esti- 319 
mates for each simulation (𝑌=>%

∗
) for each area (Equation 2) 320 

𝑌=>%
∗
= X$%& 𝜷@∗ + �̂�%

∗ (2) 

where X$%&  is the vector of covariates associated with the 𝑖'( person in the 𝑔'( small 321 
area, obtained from census or other origin, and assumed known without error 322 
 323 

6. Also, calculate the ‘true’ value of 𝑌=>% (Equation 3) associated with the 𝑘'( simu- 324 
lation 325 

𝑌=B% = X$%& 𝜷@ + 𝜈%∗ (3) 

7. Repeat steps 2 to 6, K times (at least 1000 is suggested) 326 
8. Calculate the bootstrap estimate of the MSE of the EBLUP estimator for the 𝑔'(  327 

area using Equation 4 328 

𝑀𝑆𝐸+! =
1
𝐾	FG𝑌=B% − 𝑌=>%

∗
I
"
 (4) 

 329 
  330 
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Appendix B – Steps to create parametric bootstrap estimate of MSE of EBP estimator 331 
1. Fit the non-linear mixed model (Equation 5) to the data using a logit link with 332 

the required covariates and save the values of 𝜎"!" and 𝛽$ . 333 

logitO𝑦$%P = x$%& 𝜷 + 𝜈% (5) 

where 𝑦$%is the response of the 𝑖'( person in the 𝑔'( small area, 𝑔 = 1. . . 𝐺, 334 
𝑛% is the sample size in the 𝑔'( small area, 𝑖 = 1…𝑛%, 335 
x$%& is the vector of covariate values from the survey,  336 
𝜷 is the vector of regression coefficients  337 
𝜈%is a random effect reflecting area level effects, 𝜈%	are independent,	N(0, 𝜎!"),  338 

 339 
For each simulation (𝑘 = 1…𝐾), continue as follows: 340 
2. For each area (𝑔) generate a random area term 𝜈%∗from the distribution 	𝜈%∗ 	∼ 341 

𝑁	(	0, 𝜎"!") 342 
3. Generate 𝑛  simulated values of 𝑦$%,, with	𝑛%	being	the	same	as	in	the	sample,	 343 

𝑦$%∗ This is a two-step process. 344 
a. First, use Equation 6 to calculate 𝐸(𝑝)  substituting 𝜈%∗  generated in 345 

step 2, together with the observed value of covariates and vector of esti- 346 
mated regression coefficients from step 1 347 

𝐸(𝑝) =
expO𝒙$%& 𝜷@ + �̂�%

∗P
1 + expO𝒙$%& 𝜷@ + �̂�%

∗P
 (6) 

4. Create a random variable between 0 and 1, for the n observations.  For each ob- 348 
servation, if the random variable is less than 𝐸(𝑝) then 𝑦$%∗ = 1 for the 𝑘'( 349 
similation, otherwise 𝑦$%∗ = 0. 350 

5. Fit the same model as in step 1 to this set of simulated values, obtaining the esti- 351 
mated EBP for each area 𝑃B%∗ (Equation 7) associated with the 𝑘'( simulation 352 

𝑃B%∗ =
𝑒𝑥𝑝O�̀�%& 𝜷@∗ + �̂�%

∗P
1 + 𝑒𝑥𝑝O�̀�%& 𝜷@∗ + �̂�%

∗P
	 (7) 

6. For each replicate also calculate the ‘true’ value, given the simulated value of the 353 
random error variance term (Equation 8). 354 

𝑃%∗ =
𝑒𝑥𝑝O�̀�%& 𝜷@ + �̂�%

∗P
1 + 𝑒𝑥𝑝O�̀�%& 𝜷@ + �̂�%

∗P
	 (8) 

7. Repeat steps 2 to 6, K times (at least 1000 is suggested) 355 
8. Calculate the bootstrap estimate of the MSE of the EBP estimator for the 𝑔'(  356 

area using Equation 9 357 

𝑀𝑆𝐸+! =
1
𝐾	FO𝑃B%∗ − 𝑃%∗P

" (9) 

 358 
 359 
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