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ABSTRACT 

The Small Area Estimation (SAE) is useful for estimating subpopulation parameters with small sample size. Various 

methods have been developed to estimate the area parameters, especially model-based methods. The Empirical Bayes 

is a method that can be used to estimate small area parameters. A small area is defined as a subpopulation (area) that is 

the size of a small sample. This Empirical Bayes method is suitable for use in counted data with the Poisson-Gamma 

model in addition to the Bayesian Hierarchical method. The purpose of this study was to examine the use of the 

empirical Bayes method in small area statistical estimation based on the Poisson-Gamma model with accompanying 

variables. The results showed that SAE for discrete data, namely the Empirical Bayes relative risk estimator from the 

Poisson-Gamma model with accompanying variables, gave estimation results with higher accuracy than the direct 

estimator of Standardized Mortality Ratio (SMR). 
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1. INTRODUCTION 

The Small Area Estimation (SAE) is a statistical 

technique for estimating the parameters of a 

subpopulation whose sample size is small. This 

estimation technique uses data from large domains (i.e, 

census data, national socio-economic survey data) to 

estimate the variables of interest in smaller domains. 

The Small area is defined as a subpopulation whose 

sample size is small so that direct estimates cannot 

produce an accurate prediction [1,2,3,4,5]. In Indonesia, 

the subpopulation can be a province, district or city, and 

sub-district or village. 

In general, there are three approaches to obtain 

parameter estimators in SAE, namely direct estimation, 

indirect estimation and composite estimation. If the 

sample size in the subpopulation is small and even zero, 

then the direct estimation statistics will have a large 

error range and even the estimation cannot be done 

[6,7,8,9]. To overcome this problem, the indirect can be 

used. Meanwhile, the composite estimation is the 

approximation that is carried out by weighting the direct 

estimator with the indirect estimator. This estimation is 

to balance the bias of the synthetic indirect estimator 

with the instability of the direct estimator by providing a 

weighted average for the two estimators 

[10.11.12.13.14]. 

The resulting estimator from this indirect 

estimation is the Empirical Best Linear Unbiased 

Prediction (EBLUP), Empirical Bayes estimator (EB), 

and Hierarchical Bayes estimator (HB). The EBLUP 

method is a method that is applied to linear mixed 

models, but the linear mixed models are designed for 

continuous variables so they are not suitable for binary 

or countable data. So, for binary data, the EB and HB 

methods are used to estimate the small areas. 

One of the applications of the small area 

estimation for enumeration data is in disease mapping. 

In disease mapping, the small sample size (number of 

diseased cases) is a problem that is often faced because 

the area is very small, disease or both. So that the direct 

estimation in estimating relative risk, namely 

Standardized Mortality Ratio (SMR); becomes 

unreliable. An alternative method to deal with this 

problem is the Empirical Bayes method, with the model 

that is often used is the Poisson-Gamma model. The 

advantages of this empirical Bayes method are among 

others put forward by [15,16] which can to 

accommodate information between areas which is 

intended to reduce the number of error middle squares. 

Besides, the Empirical Bayes technique is suitable 

because it produces a relative risk estimator that is more 

reliable than the estimator of maximum probability 

[17,18,19,20]. Efforts to improve the estimation of 

relative risk can be done by entering the companion 
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variables into the Poisson-Gamma model. This study 

aims to examine the use of the empirical Bayes method 

in small area statistical estimation based on the Poisson-

Gamma model with accompanying variables. 

1.1. Small Area Model 

The small area model is basic in estimating a small 

area. This model is grouped into two, namely the basic 

area level model and the basic unit level model 

[21,22,23, 24,25,26] In the basic area level model, it is 

assumed that the variable of interest is a function of the 

average response variable )( ii Yg  for g(.) specific data 

relating to small area companion data T

pii

T

i zzz )...,( ,1  

and follow a linear model as follows: 

      mivbz ii

T

ii ,...1                                (1) 

bi = a constant of known positive values 

T

p ),...,( 1    is the vector of the regression 

coefficient that is sized p x 1 

vi = small area random effect, with  E(vi) = 0 ;  Var (vi) = 

σv
2
 > 0 

While the basic unit level model uses a nested 

error linear regression model as follows: 
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Meanwhile, the estimator of empirical Bayes i are as 

follows: 
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 relative risk expected value which is an 

indirect estimator 

iii ey /  = direct estimator (standardized mortality 

ratio) to θi, yi and ei which each represents 

the number of observations and the 

expected number of cases. [27,28,29]. 

 

2. RESEARCH METHODS 

The data used in this study was secondary data 

obtained from the Bengkulu Provincial Health Office 

(2019). This data was in the form of the number of lung 

cancer patients (as a response variable) and the expected 

value of the number of lung cancer patients recorded for 

six years from 2012 to 2018 (small area) in Bengkulu 

Province. A companion variable was the percentage of 

work in agriculture, fisheries and forestry. 

The research method used in estimating the 

relative risk of an area affected by disease was based on 

the direct standardized mortality ratio (SMR) estimator 

and the empirical Bayes estimator from the Poisson-

Gamma model with accompanying variables which are 

described as follow: 

a. Determine the expected value of the number of lung 

cancer sufferers. 

b. Determine the Standardized Mortality Ratio (SMR) 

c. Determine the approximate middle square of the 

error. 

d. Determine α and β. 

e. Determine the Empirical Bayes predictor. 

 

 Next, determine the Pearson residue, plot the linear 

predictor with the Pearson remainder and compare the 

goodness between the SMR and the empirical Bayes 

predictor from the Poisson-Gamma model with the 

accompanying variables by looking at the standard error 

value. The calculation process used SAS Software and 

Microsoft Excel. 

 

3. RESULTS AND DISCUSSION  

The results of descriptive statistics are shown in 

Table 1. Based on Table 1, it can be seen that there were 

districts that were not affected by the disease, which is 

stated by the minimum value of the direct estimator of 

Standardized Mortality Ratio (SMR). In fact, the district 

may have a relative risk of contracting the disease. The 

high expected value of the number of lung cancer 

patients, which is 88.61, is a result of the large 

population in the district. Meanwhile, based on the 

standard deviation value, the expected value of the 

number of lung cancer patients has a greater diversity 

than the number of lung cancer patients (observation). 

 

2.1. The Estimation of Relative Risk 

 In this study, to determine the estimated relative 

risk of a district contracting lung cancer, namely the 

direct estimator of SMR and empirical Bayes estimator 

from the Poisson-Gamma model with accompanying 

variables. The goodness of the estimation of relative risk 

is measured from the level of accuracy indicated by the 

magnitude of the standard error. The graph of the 

relationship between the relative risk estimators and the 

default error is presented in Figures 1 and 2. 

 

Table 1. Descriptive statistics of lung cancer data in 

Bengkulu Province (2012-2018) 

 Minimum Maximum Mean Standard 

Deviation 

Observation 0 39 9.57 7.91 

Expected 1.06 88.61 9.57 13.16 

SMR 0 6.53 1.53 1.32 
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Figure 1.The plot of SMR and standard error. 

 

 

Figure 2.The Empirical Bayes Estimator plot with the 

companion variables and standard errors. 

 

 The Figures 1 and 2 generally show that the 

greater the relative risk estimator value, the greater the 

default error. The Empirical Bayes Estimator provides 

better accuracy than SMR. It can be seen that for the 

empirical Bayes estimator with companion variables, 

the greater the relative risk estimator values the smaller 

the default error when compared to other estimators. 

 

 In Table 2, the information was obtained that on 

average the inclusion of the companion variables in the 

Poisson-Gamma model provided the better accuracy 

with a smaller standard error value than SMR. This was 

due to the accompanying variables that can be modeled 

optimally with the variables of interest. The optimum 

relationship is explained by the value of the goodness of 

fit and the residue in Table 3, Figure 3 and Figure 4 

below: 

 

Table 3. The Criteria for measuring model feasibility 

Criterion DF Value Value/DF 

Deviance 54 62.30 1.15 

Scaled Deviance 54 62.30 1.154 

Pearson Chi-Square 54 57,50 1.07 

Scaled Pearson X2 54 57.50 1.07 

Log Likelihood  770.73  

 

 Based on Table 3, it can be seen that this 

negative binomial regression model was feasible, 

because the Value or DF value for each criterion was 

less than two. Meanwhile Figures 3 and 4 also showed 

the fulfillment of the feasibility of the model with the 

regression equation reflecting the distribution of the data 

and the remainder tends to have no pattern. 

 

 

Figure 3.Relationship between relative risk (y / e) and 

co-variable: percentage of work in agriculture, fisheries 

and forestry (x). 

 

Figure 4. The Linear predictors with Pearson's 

remainder. 

 Based on the results and discussion above, it 

appears that estimation of small area using the Bayes 

Empirical method has a higher accuracy, this was in 

accordance with the opinion of [30,31,32,33] who 

suggest that to increase the effectiveness of sample sizes 

and reduce standard errors, namely by indirect 

Table 2 Estimation of Lung Cancer Data in Bengkulu 

Province 

Average SMR 
The Empirical Bayesian 

estimator with 

Accompanying Variables 

Relative Risk 1.53 1.45 

Middle Square of 

Error 

0.47 0.12 

Standard Error 0.53 0.32 
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estimation, this estimation was to borrow strength from 

observing examples of adjacent areas by utilizing 

additional information, namely from data census and 

administrative records. The estimator that results from 

this indirect estimation is the best empirical linear 

unbiased prediction predictor. 

 

4. CONCLUSION 
 Some of the conclusions obtained from the 

results of this study are as follow: 

1.  The Empirical Bayes relative risk estimator from the 

Poisson-Gamma model with accompanying 

variables provides predictions with higher accuracy 

than the standardized mortality ratio (SMR) direct 

estimator. 

2.  The Improved estimation by including companion 

variables in the Poisson-Gamma model produced an 

Empirical Bayes estimator with increased accuracy 

if the relationship between the accompanying 

variables and the variables of interest can be 

modeled optimally and derived from census data or 

administrative data. 
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