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Abstract. The open unemployement rate is an indicator for measuring unemployment. Banten
Province recorded as the highest on open unemployment rate number in Indonesia on 2018. A
high open unemployment rates indicate serious problems in society. This problem must be
resolved synergistically from the national level to the level of small areas such as sub-districts.
However, data for the small area level has not been fulfilled due to the insufficient number of
samples. We apply spatial EBLUP to estimate the open unemployment rates in the districs of
Banten. Such a method of small area estimation is essential because some districts have small
labor forces and direct estimation for them is not reliable. SEBLUP takes advantage of the
correlation of the neighboring districts. Data that used for direct estimation is from National
Labor Survey (Sakernas) and Village Potential (Podes) 2018. This research showed that
SEBLUP model can increased the precision from direct estimation method or EBLUP. There are
two districts that have highest category of open unemployment rate which are Curugbitung, and
Koroncong.

1. Introduction
Based on the results of population projections in 2015, Indonesia has a population of around 250 million
people with a population growth rate until 2015 reaching 1.38 percent per year. This number makes
Indonesia the fourth most populous country in the world [1]. John Stuart Mill, a philosopher and
economist in the 19th century, argued that the physical capital of a country comes from the quantity of
the population in a country. It happened because if the optimal population quantity will result in high
per capita production. However, another opposite theory regarding population size was proposed by
Malthus. Malthus stated that the available resources, such as land, were even more limited due to the
population growth. This causes an excess of labor supply while the available demand is limited. [2]
explains that the difference between demand and supply is a labor surplus economy.
One of the employment indicators in measuring unemployment is the open unemployment rate. [3]
explains that open unemployment is a condition of really not having a job. Unemployment is a complex
problem that affects and is influenced by many factors that interact following a pattern and are not easy
to understand [4]. One of the problems faced if the open unemployment rate is high is poverty. [5] has
shown that there is a positive relationship between poverty and unemployment so that open
unemployment indicators are always needed to inform labor and social policies that are interrelated with
one another. This linkage is not only related to the interrelationships between policy indicators, but also
the interrelationships between one area and another. This is due to the relationship between the open
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unemployment rate and the wages paid. The wages tend to have similar characteristics between regions.
This is in accordance with the statement of [6], the first law of geography, that something close will
have a stronger effect than something far away.
According to [7] more than 50 percent of the unemployed are in Java compared to outside Java. This
fact is further exacerbated by evidence that Banten Province is always in the top five in the number of
open unemployment rates in Indonesia from 2016 to 2018 and it is often in the first position.
Furthermore, the population is always increasing every year because Banten Province has a growth rate
of 1.94%. If population growth in this province is not accompanied by the provision of jobs, resulting
in excess supply which causes unemployment to increase. Therefore, it is necessary to have a synergistic
response from the national level to small levels, such as the sub-district level, to achieve the targets
listed in the eighth goal of the Global Sustainability Goals (SDG's). This goal is to achieve full and
productive employment for all people and reduce the proportion of young people who are unemployed.
However, the availability of this data is still a problem because the sample available by the National
Employment Survey (Sakernas) is only available at the provincial and district/city levels. This causes
the need for additional samples if you want to use the survey results to estimate the smallest level such
as sub-districts. According to [8], the relationship between sample size and statistical error is inversely
proportional so that the smaller sample that used in the estimation, the greater statistical error will
obtained. If the estimation results are used, or called direct estimation, the statistical error will be even
greater.
Those problems can be solved by using a model-based estimation method or often referred as indirect
estimation. Small Area Estimation (SAE) method is often used for this purpose. The SAE method is an
estimation using information obtained from data collection that does not have errors such as census or
regional registration. [9] explain that the auxiliary variables account for much of the variation in the
unemployment rate. However, phenomena in a region can sometimes be influenced by other regions, so
it is necessary to include regional influences into the model.[10] introduced an estimation model by
incorporating regional elements represented by spatial weights. This model is called the Spatial
Empirical Best Linear Unbiased Predictor (SEBLUP) estimation model. It is said that including spatial
dependence of each area can increased the precision of result of estimation. In this study, we estimate
the open unemployment rate at the Banten Province sub-district level in 2018 using the SEBLUP
estimation model. The results of the estimates obtained will be compared using the relative values of the
root mean square error (RRMSE).
2. Methods
Small Area Model with Spatial Dependence
[11] explained that SAE is an estimation method based on modeling. Two models can be used in the
SAE model, namely the unit model and the area model. The fundamental difference between these two
models is the supporting data used. Area level model proposed by Fay-Herriot. This a linear mixed
model form which include random effect of the area. The model used can be written as:
̂ = 𝑿𝜷 + 𝒁𝒗 + 𝒆
𝜽

(1)

̂ be the 𝑚 × 1 vector of parameter that we interested in, 𝒆 be the 𝑚 × 1 vector of sampling errors
where 𝜽
that follow normal distribution with mean 0 and variance 𝜓𝑖 , 𝛽 be the 𝑝 × 1 vector of fixed effect
parameters, Z be the 𝑚 × 𝑚 matrix of positive constant, and 𝒗 be the 𝑚 × 1 vector of random effects
that follow normal distribution with mean 0 and variance 𝜎𝑣2 𝑰. The Fay-Herriot model assumes
independencies of the effect between areas. However, this assumption sometimes will be violated
because of relation of neighborhood areas. It remains on Tobler’s first law of geography which is stated
that everything close will have an effect than something far away. Based on this theory, vector v can be
manipulated by including value of area correlation which is 𝜌 and proximity matrix of W. Let say there
is an autoregressive between 𝒗, 𝝆, u, and W [12]
𝒗 = 𝝆𝑾𝒗 + 𝒖 ⟺ 𝒗 = (𝑰 − 𝝆𝑾)−1 𝒖

(2)
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where u be the 𝑚 × 1 vector of independent error. Therefore, component v on equation (1) can be
changed with equation (2) into
̂ = 𝑿𝜷 + 𝒁(𝑰 − 𝝆𝑾)−1 𝒖 + 𝒆
𝜽

(3)

Vector v will be following normal distribution with mean 0 and variance G which is [13]
𝑉𝑎𝑟(𝒗)

=
=
=
=
=

𝑇

𝐸 [(𝒗 − 𝐸(𝒗))(𝒗 − 𝐸(𝒗)) ]
𝐸((𝒗𝒗)𝑇
𝑻

𝐸 [((𝑰 − 𝜌𝑾)−𝟏 𝒖)((𝑰 − 𝜌𝑾)−𝟏 𝒖) ]
−𝟏

𝐸 [((𝑰 − 𝜌𝑾)−𝟏 )(𝒖𝒖𝑇 )(𝑰 − 𝜌𝑾𝑻 )
𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1

]
=

G

From that model, it can be obtained the Spatial Best Linear Unbiased Prediction (SBLUP) estimator of
̂ is
𝜽
̂ + 𝒃𝑇𝑖 {𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 }𝒁𝑇 × {𝑑𝑖𝑎𝑔(𝜓𝑖 ) + 𝒁[𝜎𝑢2 [(𝑰 −
𝒙𝑻𝒊 𝜷
𝑆𝐵𝐿𝑈𝑃
̂
=
𝜃𝑖
̂)
𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 ]𝒁𝑇 }−1 (𝜽̂ − 𝑿𝜷
(5)
̂ = (𝑿𝑻 𝑽−𝟏 𝑿)−𝟏 𝑿𝑻 𝑽−𝟏 𝜽̂ and 𝒃𝑇𝑖 = (0,0, … ,0,0,1, … ,0).However, 𝜎𝑢2 and 𝜌 is often unknown.
where 𝜷
2
̂ 𝑰 which is
Therefore, replacing those components with 𝜎̂
̂ respectively will obtain 𝜽
𝑢 and 𝜌
̂𝑖 𝑆𝐸𝐵𝐿𝑈𝑃
𝜃

=

̂ + 𝒃𝑇𝑖 {𝜎
𝒙𝑻𝒊 𝜷
̂[(𝑰
− 𝜌̂𝑾)(𝑰 − 𝜌̂𝑾)𝑇 ]−1 }𝒁𝑇 × {𝑑𝑖𝑎𝑔(𝜓𝑖 ) +
𝑢
̂)
𝒁[𝜎
̂[(𝑰
− 𝜌̂𝑾)(𝑰 − 𝜌̂𝑾)𝑇 ]−1 ]𝒁𝑇 }−1 (𝜽̂ − 𝑿𝜷
𝑣

(6)

Estimation of Parameters
Suppose a sample 𝑥1 , 𝑥2 , … , 𝑥𝑛 where 𝑁 ∈ 𝑛 is drawn form a population. Maximum likelihood (ML)
is one of the methods for point estimator. According to [14], let say 𝑥1 , 𝑥2 , … , 𝑥𝑛 is independent random
variables with one parameter 𝜃. Then, joint probability density function for this sample is
𝑓(𝑥1 , 𝑥2 , … , 𝑥𝑛 |𝜃). This function can be said as likelihood function and notated as L. The process of
ML by derivate the log-likelihood function for maximizing the parameter. On the other hand, [15] state
that ML process produce bias. This bias can be happened because have not considered loss in degrees
of freedom. So that, REML is modification of ML that eliminate this bias. [16] explained that process
of REML is begin where the observation of 𝒀 is changed by transformation into 𝒀∗ . Transformation of
Y is
𝒀∗ = 𝑨𝑇 𝒀

(7)

where the matrix A is random orthogonal matrix sized 𝑛 × (𝑛 − 𝑝) with p is rank of X Process of
derivate the log-likelihood function is same as ML. The different between these two procedures is the
likelihood function that used. Previously, explained that 𝜎𝑢2 and 𝜌 is often unknown. Those components
will be estimated by REML procedure.
Mean Square Error (MSE)
[17] explained that goodness of value of estimator can be rated from mean square error (MSE)
number. Criteria that expected is the best estimator have a smallest. MSE of SBLUP can be expressed
as [12]
𝑀𝑆𝐸(𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌)) = 𝑔1𝑖 (𝜎𝑢2 , 𝜌) + 𝑔2𝑖 (𝜎𝑢2 , 𝜌)

(8)
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where
𝑔1𝑖 (𝜎𝑢2 , 𝜌) = 𝒃𝑇𝑖 {𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 }𝒁𝑇 × {𝑑𝑖𝑎𝑔(𝜓𝑖 ) + 𝒁[𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 −
𝜌𝑾)𝑇 ]−1 ]𝒁𝑇 }−1 𝒁𝜎𝑢2 × [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 𝒃𝑖 and 𝑔2𝑖 (𝜎𝑢2 , 𝜌) = (𝒙𝒊 − 𝒃𝑇𝑖 {𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 −
𝜌𝑾)𝑇 ]−1 }𝒁𝑇 × {𝑑𝑖𝑎𝑔(𝜓𝑖 ) + 𝒁[𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 ]𝒁𝑇 }−1 𝑿) × (𝑿𝑇 {𝑑𝑖𝑎𝑔(𝜓𝑖 ) + 𝒁[𝜎𝑢2 [(𝑰 −
𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 ]𝒁𝑇 }−1 𝑿)−𝟏 × (𝒙𝒊 − 𝒃𝑇𝑖 {𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 }𝒁𝑇 × ({𝑑𝑖𝑎𝑔(𝜓𝑖 ) +
𝒁[𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 ]𝒁𝑇 }−1 𝑿)𝑇 .
[18] expressed the value of general MSE is
2
𝑀𝑆𝐸(𝜃̂) = 𝐸 [(𝜃̂ − 𝜃) ]

(9)

if it applies to obtain value of 𝑀𝑆𝐸(𝜃̂ 𝑆𝐸𝐵𝐿𝑈𝑃 ) will follow
̂2 , 𝜌̂)) =
𝑀𝑆𝐸(𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
=

=

2

̂2 , 𝜌̂) − 𝜃 𝑆𝐵𝐿𝑈𝑃 ]
𝐸[𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
𝑖
𝑆𝐸𝐵𝐿𝑈𝑃
𝑆𝐵𝐿𝑈𝑃
2
̂ , 𝜌̂) − 𝜃
𝐸[𝜃̂
(𝜎
+ 𝜃̂ 𝑆𝐵𝐿𝑈𝑃 (𝜎 2 , 𝜌)
𝑣

𝑖

𝑖

𝑢

𝑖

− 𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌)]

2

𝐸 [(𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌) − 𝜃𝑖𝑆𝐵𝐿𝑈𝑃 )
̂2 , 𝜌̂) − 𝜃̂ 𝑆𝐵𝐿𝑈𝑃 (𝜎 2 , 𝜌))]
+ (𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
𝑢
𝑖
2
𝐸(𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌) − 𝜃𝑖𝑆𝐵𝐿𝑈𝑃 )

2

2

̂2 , 𝜌̂) − 𝜃̂ 𝑆𝐵𝐿𝑈𝑃 (𝜎 2 , 𝜌))
+ 𝐸 (𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
𝑢
𝑖
̂2 , 𝜌̂)) =
𝑀𝑆𝐸(𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣

+ 2𝑐𝑜𝑣 [(𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌))
̂2 , 𝜌̂)
− 𝜃 𝑆𝐵𝐿𝑈𝑃 ), (𝜃̂ 𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑖

−

𝑖

𝑣

𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌))]

(10)

2

It is known that form of 𝐸(𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌) − 𝜃𝑖𝑆𝐵𝐿𝑈𝑃 ) is MSE for 𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 estimator. Then, correlation
̂2 , 𝜌̂) − 𝜃̂ 𝑆𝐵𝐿𝑈𝑃 (𝜎 2 , 𝜌)) is zero [19]. Value of
between (𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌)) − 𝜃𝑖𝑆𝐵𝐿𝑈𝑃 ), (𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
𝑢
𝑖
̂2 , 𝜌̂) − 𝜃̂ 𝑆𝐵𝐿𝑈𝑃 (𝜎 2 , 𝜌))] equal to zero. [19] on [12]
2𝑐𝑜𝑣 [(𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌)) − 𝜃𝑖𝑆𝐵𝐿𝑈𝑃 ), (𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
𝑢
𝑖
2

̂2 , 𝜌̂) − 𝜃̂ 𝑆𝐵𝐿𝑈𝑃 (𝜎 2 , 𝜌)) .
obtained a heuristic approximation for the last term which is 𝐸 (𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
𝑢
𝑖
2
̂
This approximation called 𝑔 (𝜎 , 𝜌̂). Form of this part is
3𝑖

𝑣

𝒃𝑇𝑖 (𝑪−1 𝒁𝑇 𝑽−1 + 𝜎𝑢2 𝑪−1 𝒁𝑇 (−𝑽−1 𝒁𝑪−1 𝒁𝑇 𝑽−1 ))
2
̂
𝑔3𝑖 (𝜎𝑣 , 𝜌̂) = 𝑡𝑟 {[
]𝑽 ×
𝒃𝑇𝑖 𝑨𝒁𝑇 𝑽−1 + 𝜎𝑢2 𝑪−1 𝒁𝑇 (−𝑽−1 𝒁𝑨𝒁𝑇 𝑽−1 )
𝑇

𝒃𝑇 (𝑪−1 𝒁𝑇 𝑽−1 + 𝜎𝑢2 𝑪−1 𝒁𝑇 (−𝑽−1 𝒁𝑪−1 𝒁𝑇 𝑽−1 ))
̂2 , 𝜌̂)}
[ 𝑖 𝑇 𝑇 −1
] 𝑉̅ (𝜎
𝑣
𝒃𝑖 𝑨𝒁 𝑽 + 𝜎𝑢2 𝑪−1 𝒁𝑇 (−𝑽−1 𝒁𝑨𝒁𝑇 𝑽−1 )

(11)

Therefore, form of MSE(𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 ) is
̂2 , 𝜌̂)) ≈ 𝑔 (𝜎̂2 , 𝜌̂) + 𝑔 (𝜎̂2 , 𝜌̂) + 2𝑔 (𝜎̂2 , 𝜌̂)
𝑀𝑆𝐸(𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
1𝑖 𝑣
2𝑖 𝑣
3𝑖 𝑣

(12)

We compare the relative standard error given by the expression
𝑅𝑆𝐸(𝜃̂) =

̂)
√𝑀𝑆𝐸(𝜃
̂
𝜃

× 100%

(13)
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Better model-based estimator than direct estimator will be used. This estimator should have smaller
value of RSE.
Data and Procedures
The focus of this research is the set of the 155 sub-districts of Banten Province. The data used is
secondary data from the National Labor Survey (Sakernas) Banten Province in August 2018 and Village
Potential Data (Podes) Banten Province in 2018. The software used are R-Studio and Microsoft Excel.
The interest variable is the Open Unemployment Rate (TPT) calculated from Sakernas, while 43
candidate auxiliary variables are taken from Podes. All 43 auxiliary variables were obtained based on a
literature review. Some of literature that are used as a reference for auxiliary variables such as [20],[21],
and [22] The following procedure is an analytical step of this research.
1. Preparation
1. Prepare open unemployment rate (TPT) data from raw dataset come from National Labor
Survey (Sakernas) August 2018.
2. Direct estimation of TPT that used is percentage and also estimation of sampling error
variance for each sub-district. Those two data will be used for indirect estimation Spatial
EBLUP.
3. Count a value of MSE of direct estimation for each sub-district. Value of direct estimator
will be unbiased so the value of MSE will equal to the variance. Then, evaluate the RSE.
2. Building the model
1. Pearson correlation test with purpose to obtain auxiliary variables that have a significant
correlation.
2. Non-multicollinearity assumption test is done with purpose to guarantee there is no high
correlation between each auxiliary variables.
3. Build proximity matrix inverse distance weighting type.
4. Spatial autocorrelation test of direct estimator number
5. Fit a model of SAE Spatial EBLUP by REML method.
6. Count a value of MSE of Spatial EBLUP, then evaluate RSE.
3. Result and Discussion
3.1 Direct Estimation
Banten Province has an average of 2018 open unemployment rate at the sub-district level of 9.575%.
The meaning of this figure is that on average there are around 9 to 10 unemployed individuals out of
100 members of the labor force groups. The lowest value of the open unemployment rate resulting from
a direct estimate is zero or there is one or several sub-districts that have a zero unemployment rate. Then,
the maximum value generated is 71.4% or there are one or several sub-districts with unemployed
individuals of 71 to 72 out of 100 individuals in the labor force group.

Figure 1. Direct Estimation of TPT
However, the interpretation of the lowest (minimum) value for this variable is incorrect because there
are eight sub-districts that have an estimated TPT value equal to zero, also have a variance equal to zero.
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Furthermore, after processing the estimation results, there are also thirty sub-districts that have a
variance equal to zero even though the estimated TPT value is not equal to zero. This is due to the lack
of samples used in the direct estimation process. So the maximum and minimum values generated are
invalid. Therefore, 38 sub-districts were not included in the indirect estimation analysis but were
estimated using synthetic estimates.
3.2 Spatial EBLUP
Next process is doing estimation by SAE Spatial EBLUP. Before building model, it is important to
obtain a strong correlation between auxiliary variables and direct estimator. From forty-three candidate
of auxiliary variables there are ten variables which is significant correlated or have a probability value
less than five percent. These variables are listed in Table 1.
Table 1. Auxiliary variables identity
Name of Variables

Notation

Source

Ratio of electricity user family per 1000 citizens
Ratio of total elementary school per 100 citizens
Total of individual business
Total of Base Transceiver Station tower
Ratio of total small business of wood production per 100 citizens.
Ratio of total small business of food and beverages production per 100
citizens
Ratio of technology developing villages
Ratio of sanitation developing villages
Ratio of education, health and culture developing villages
Ratio of transportation empowerment village

𝑥1
𝑥2
𝑥11
𝑥16
𝑥19
𝑥24

Podes 2018

𝑥28
𝑥29
𝑥34
𝑥35

It is also important to proof that observation data is having spatial autocorrelation. By conducting
Moran’s I spatial autocorrelation, it obtain result of probability value 0.021 which is having conclusion
that observation data is having spatial autocorrelation. This result is required for developing spatial
EBLUP model. On the first stage of model development, all variables enter model. It is known that there
is one variable that significant in significance level of five percent which is x24. Next procedure is to
reduce variables by dropping insignificant variable or significant value near one. By looking Akaike
Information Criteria (AIC) number, it will obtain most parsimony model. The following table is
summary of AIC score and dropped variables on each process.
Table 2. Process of choosing best Spatial EBLUP model
Stage

Variables

AIC

1
2
3
4
5

𝑥1 , 𝑥2 , 𝑥11 , 𝑥16 , 𝑥19 , 𝑥24 , 𝑥28 , 𝑥29 , 𝑥34 , 𝑥35
𝑥2 , 𝑥19 , 𝑥24 , 𝑥28 , 𝑥29 , 𝑥35
𝑥19 , 𝑥24 , 𝑥28 , 𝑥35
𝑥19 , 𝑥24 , 𝑥28
𝑥24 , 𝑥28

670.0626
663.9182
659.4046
658.1535
658.9199

From the result, minimum AIC score will be obtained in the fourth iteration. This model will be used
as indirect estimator of Spatial EBLUP. The following table is summary of regression coefficient,
random effect coefficient, and autoregressive coefficient on minimum AIC score Spatial EBLUP model.
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Table 3. Summary of regression coefficient, random effect coefficient, and autoregressive coefficient
on minimum AIC score Spatial EBLUP model
Variable

̂ 𝑺𝒑𝒂𝒕𝒊𝒂𝒍 𝑬𝑩𝑳𝑼𝑷
𝜷

p-value

Intercept
𝒙𝟏𝟗
𝒙𝟐𝟒
𝒙𝟐𝟖
̂𝟐
𝝈
𝒗
̂
𝝆

9.3293
-4.0391
0.6105
-3.9549
18.4330
0.7878

0.0000
0.0830
0.0218
0.0375
-

This table shows that, it is know that x24 and x28 are significant on significance level of five percent
whereas x19 is significant on significance level of ten percent. Then, value of autoregressive coefficient
is 0.7878 which is showed that there is a strong area correlation on sub-district open unemployment rate.
Descriptive statistics on open unemployment rate based on Spatial EBLUP is presented in Table 4.
Table 4. Summary of estimation result of Banten Province sub-district open unemployment rate based
on Spatial EBLUP model
Statistics
Mean
Minimum
Median
Maximum
Total of Observation

TPT of Spatial EBLUP
8.5720
2.2920
8.0610
25.6190
106 Sub-district

3.3 RSE Comparison
RSE of Estimation
120
100

RRMSE

80
RSE Direct

60

RSE Spatial EBLUP

40
20

3601030
3601100
3601121
3601171
3601191
3602021
3602070
3602140
3602181
3603021
3603051
3603131
3603162
3603190
3604040
3604091
3604190
3604220
3604270
3671020
3671040
3671060
3672021
3672040
3673040
3674020
3674060

0

Figure 2. RSE Comparison Line Graph
RSE of direct estimator, shown in green, has mean 40.2040, minimum 2.0530, and maximum
108.4330. Then, RSE of spatial EBLUP, shown in red, is having mean 29.2770, minimum score 2.0540,
and maximum score 29.1290. By fact, RSE score of spatial EBLUP is lower than direct estimator. So
that, from Figure 2 and previous explanation it can be concluded that spatial EBLUP is more precise
than direct estimator. So, spatial EBLUP model will be used for next analysis which is estimate number
of Banten Province sub-district level open unemployment rate.
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3.4 Implementation of Whole Area Estimation by Selected Model
After selecting better model, next step is doing estimation for whole area estimation by selected model
which is spatial EBLUP. This whole area, 155 sub-districts, includes forty-nine area that not included
on analysis. Each sub-district has a mean of 8.7367% or eight until nine people is being unemployed. It
has a maximum value 25.6187 which is Koroncong sub-district. Then, it has a minimum value 2.2925%
which is Kasemen sub-district. There are two sub-district which has a highest category, shown in purple,
Koroncong and Curugbitung sub-district. Figure 3 presents a thematic map of result of spatial EBLUP
estimation for all sub-district

Figure 3. Result of
indirect estimation of
open unemployment rate
for sub-district in
Banten Province 2018

Based from Figure 3, it is known that there are fifty-two sub-district on first category which is shown
in brown. On this first category, there are twenty-eight sub-district which is on under the value of
national open unemployment rate as big as 5.34%. Therefore, the rest of total from this category is
already on above the value of national open unemployment rate. Then, on the second category, which
is shown in dark-green, there are seventy-six sub-district. Next, on the third category, shown in lightgreen, counted as eighteen sub-district. On the next category, shown in blue, there are seven sub-district.
There are two sub-district on last category, shown in purple, which is the highest category. Overall, from
155 sub-district, there are 127 sub-district which is on above the value of national open unemployment
rate.
4. Conclusion
This study produces an estimate of the open unemployment rate at the sub-district level in Banten
Province in 2018 using the indirect approach (SEBLUP). We have shown that SEBLUP yields estimates
with lower RSE than other alternatives, including direct estimation. Therefore, Spatial EBLUP is a better
method for doing estimation for sub-district level of open unemployment rate in Banten Province. The
result of the analysis can be used by the provincial government of Banten to set the priorities for reducing
highes TPT, such as Koroncong and Curugbitung. The phenomenon of high and low TPT in each subdistrict also shows that there is a spatial correlation between sub-districts. The Banten Provincial
Government can focus on the sub-districts with the highest TPT which will ultimately have a positive
impact on decreasing TPT in other nearby sub-districts.
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