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ABSTRACT

Small area estimation (SAE) is an important alternative method to obtain information in a small area when the

sample size is small. In this paper, we proposed a parametric bootstrap method to estimate mean square error

(MSE) of proportion based on area unit levels. The purpose of this research has been focused on applying the

parametric bootstrap method to estimate MSE in SAE for zero inflated binomial models (SAE ZIB). The results

showed that the bootstrap method produced a smaller MSE than the direct estimation, implying that the SAE

ZIB performs better when compared to the direct estimation.

Keywords : Bootstrap, Mean Square Error, Parametric, Small Area Estimation

I. INTRODUCTION

A method of collecting data by taking samples from
population describing the population is called a
survey. The purpose of the survey is to provide
complete, fast and continuous statistical data. In
general, surveys are designed to predict parameters
in a larger area. If you want to obtain information
for a smaller area, there will be problems in the
survey. Smaller areas have a small survey sample size
so that the statistics obtained will have a large
variety and cannot even be estimated when the area
is not selected as a sample unit [1]. So, a method has
been developed to overcome this problems which is
called small area estimation (SAE). SAE is a
technique in small area that utilize information from
the area, outside the area, and survey results.
Estimates directly on small area will produce a large
variety because of the small sample size [2]. One
solution used is to do indirect estimation by adding

auxiliary variables in estimating parameters.
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The estimation of mean squared error (MSE) for
small area models is complicated, in case of mixture
model which is nonlinear with complex structure
[3]. The computation of reliable mean squared error
estimator in small area estimation problems is a
complicated process. This is because the models used
and the small sample sizes within the areas require
the accounting for the contribution to the error
resulting from estimating the model parameters.
Some approximation methods have been done by
several authors such as bootstrap method to calculate
the mean square error in small area estimation with
zero inflated data in papers of Chandra and Sud
(2012), Krieg et al (2015).

In this paper we proposed parametric bootstrap
methods to estimate MSE in SAE with zero inflated
binomial models (SAE ZIB). The techniques are at
least as accurate as existing ones, although valid in
substantially more general settings, and do not
require derivation of

analytical expansions.

Bootstrap method is using random sampling with
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replacement to generate the samples with size as
many as the size of the sample data in order to
approximate statistics distributions which is
empirical distribution function of the sample data
[4]. The parametric method consists of generating
parametrically a large number of area bootstrap
samples from the model fitted to the original data,
re-estimating the model parameters for each
bootstrap sample and then estimating the separate
component of the mean square error. A parametric
bootstrap procedure is proposed for the mean
squared error of the predictor based on a unit level

area.

Therefore, the approximation of MSE in ZIB data in
this research adopted a bootstrap method which is
computationally intensive in order to obtain
standard error of the proposed method. The purpose
of this study was to apply parametric bootstrap
method to estimate MSE in SAE ZIB models and to

compare both methods.

II. DATA AND METHODS

A. Data

This research used real data and simulation data.
From the two data, the standard error would be
calculated and compare. The real data used in this
study was secondary data obtained from National
Labour Force Survey (Sakernas) August 2015
conducted by Central Bureau of Statistics (BPS).
Observations on Sakernas data were 38 districts in
Bogor regency and 6 districts in Bogor city,

Indonesia.

Simulation data describes population of the data that
has overdispersed binomial distribution or ZIB data
and the sample is obtained by taking samples from
simulation data repeatedly in order to see the
characteristics of the data which is assumed. The
sampling design used in simulation is simple random
simulation to

sampling. This research used
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determine standard error in SAE ZIB model. The
steps to generate population in the simulation data
were on the below.
1. Let number of areas as many as 44.
2. Let number units in each area as many as 20.
3. Let parameter a; =—2.1 and a; =0.7 as
parameters model:
logit(ni]-) = log <1 Tjw)
= XnzijPnz + Vnzi (1)

4. Let parameter 3 =-0.7 and B, =11 as

parameters model:
logit(p;;) = log <—€U >

=X,iiB vz (2)

5. Let variance parameter of variability between
area, v (0.005)

6. Generate explanatory variable, x;; distributing
normally with mean 95 and variance 30.

7. Generate explanatory variable, x3; distributing
normally with mean 1 and variance 2.

8. Generate explanatory variable, x; distributing
normally with mean 2 and variance 90.

9. Generate number of labor forces samples, n,
distributing binomially with probability 0.15 of
40.

10. Generate variable of variability between area,
v;, distributing normally with mean 0 and
variance 0.05.

11. By using parameters specified in points 1 to 8,
calculate the value
a. xb/¥ = a;xq1; + a7x7;

b. xb{ = B3xz; + Prx7;
c. logit(m;) = xb]** + v;
d. logit(p;) = xb? +v;
exp(logit(m;))
1+(exp(logit(my)))

e o exp(logit(py))
. pl 1+(exp(loglt(pl)))

12. Generate delta variable, 61-]- as the =zero

e 1=

indicator following Bernoulli distibution with
P(6l] = 0) =pdanP(6ij = 1) = 1—p

e L
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13. Generate y;; variable as the non zero data
distributing binomially with probability of
unemployed m; of n; labor forces.

14. Calculate of the values of y;; as the number of

unemployment, y;; = y;; X §;;
B. Methods

This study proposed small area estimation method
using ZIB model. The method is combination as
follows:

1. ZIB model by Hall (2000) for probability in (3) is
modeled using two model, those are logit (m) and
logit (p).

0, with probability p; + (1 —p)(1 —m;) ™
i {k, with probability (1 — p;) (T;(L) k(1 —m) ™k

i p..
logit(p;;) = log <%>

= x;,ijﬁz + Vg (5)

where i = 1,2,...,m and y; =0,1,2,...,n;. Based on
those models, the expectation value for ZIB model in
SAE is E(9;;)=P(6;=1)=E(y;|6;;=1) =
(1 — ﬁij)ﬁij where fi;; =n;ft;; thus E(?ij) =
nifti; (1= y)-

Technically the above model can be implemented as

follows:

a. Take a sample using simple random sampling as
many as 10 observations in each area.

b. Estimate proportion (m;) using SAE binomial
method in each unit

c. Initialization values using logistic model

d. Estimate the parameters of logit (1) and logit (p)

models using SAE ZIB method and calculate:

Ca exp(logit(ﬁif))
LTy = 1+exp(logit (i) )
A 1 't(Ai')

2 5 = exp( ogit(pi; )

1+exp(logit(ﬁi]-))

3. }71] = nij Xﬁij X (1 - pAU)

4. Proportion of §;, prop; = Yy, ¥ij/nij
e. Do step a until d repeatedly in 1000 times.
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3)
where i=1,2,..,m and y; =012, ..,n
with ecpectation value E(y;) = (1 — p;)n;m;
and variance wvar(y;) = (1 —p)nm;[1—
(1 —piny)].

2. Binomial model in small area estimation by
Chandra et al. (2009) and Erciulescu and Fuller
(2013) in (4) for logit (1)

logit(nij) = log (1 iz;i)

= xrllz,ijﬁnz t Vnzi €))

wherei = 1,2,...,mand y; =0,1,2, ...,n,.
3. Zero inflated indicator in SAE for Zero Inflated
data in SAE calculated by Krieg er al. (2015) in (5)

for logit (p)

f. Calculate standar error of proportion, SEprop;:

R AT AT mean)2
=1\PT0Diq — PTOP;
SEp/ro\pi,q=J SULALD

where,

SEprop; = standard error estimate of area 7 from
SAE ZIB method in gth simulation

pTop; 4 = proportion estimate of area 7 from SAE ZIB
method in gth simulation

propimean

R = number of simulations

= proportion parameter of area 7

III. RESULTS AND DISCUSSION
Bootstrap method uses random sampling with
replacement to generate the samples with size as
many as the size of the sample data. The bootstrap
method can obtain the approximation of MSE while
the close form of MSE is difficult to be obtained,
especially in case of mixture model which is
nonlinear with complex structure [3]. Therefore, the
approximation of MSE in SAE with ZIB data in this
study used a bootstrap method computationally
intensive in order to obtain standard error of SAE
ZIB method.

a3 L
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Figure 1 and 2 show the standard error values of  standard error values with bootstrap method tent to
proportion for each district in Bogor regency and  be more stable and lower than direct estimators.

Bogor city. From Figure 1, it can be seen that the
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Figure 1: Graph of standard error in Bogor regency

However, there were some districts in Bogor regency = and Gunungsindur. For the proportion estimates
having very small standard error values that close to ~ which are equal to zero using direct estimation, the
zero. The districts were Nanggung, Leuwisadeng, standard error was not relevant because of normal
Cigombong, Megamendung and Tanjungsari. There  approximation method requiring the proportion
were also districts having no standard error value estimates did not close to zero or one.

because the estimator had zero proportions. That were

Leuwiliang, Tamansari, Sukamakmur, Tajurhalang
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Figure 2 : Graph of standard error in Bogor city
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The value of standard error in Bogor city in Figure 2
shows that, the estimation of standard error with the
bootstrap method tent to have a lower value than the
direct estimation. But, there was one district in Bogor
city where the standard error value was almost same
between the bootstrap method and direct estimation,
i.e. Bogor Selatan district. The estimation of standard
error with bootstrap used SAE ZIB method. Based on
the standard value, SAE ZIB method revealed an
estimate with precision that was better than direct

estimation.

IV.CONCLUSION

This research can provided an overview of the use of
bootstrap methods in small area estimation to
estimate mean square, especially zero inflated
binomial data. The estimation of MSE for small area
models is complicated. Therefore, the approximation
of MSE in SAE ZIB model in this study used standard
errors. Estimation value of standard errors using
bootstrap method tent to produce smaller value than
direct estimates. Based on the estimated standard
error of the bootstrap method and direct estimator,
the estimation of proportions with SAE ZIB model
had better precision so as to improve the direct

estimation results.
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