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Abstract: Unemployment is defined as people over the age of 15 who are looking for or do
not have a job. The imbalance between the number of jobs and the number of labor force
leads to the potential for spatial labor mobility between villages and cities. Therefore, data on
the open unemployment rate (TPT) in Indonesia may have spatial effects. The spatial
regression analysis method is a commonly used method to estimate the parameters of spatial
econometrics models. However, this method is not good enough to estimate the model
parameters when there are many spatial units. To overcome this problem, an alternative
Bayesian method can be used. This study uses the Bayesian method approach to the Spatial
Autoregressive (SAR) model applied to modeling the open unemployment rate in Indonesia
in 2022. The data used is secondary data obtained from the Indonesian Central Bureau of
Statistics (BPS) in 2022. The results that have been obtained show that the variable labor
force participation rate is significant to the open unemployment rate in Indonesia with an
acceptance rate of 0.55.

Keyword: Open Unemployment Rate, Bayesian, Spatial Autoregressive

INTRODUCTION

Post-pandemic, several provinces in Indonesia have experienced a decrease in the
unemployment rate (TPT). Among them, South Sulawesi saw a decrease in TPT by 1.24%,
East Kalimantan by 1.06%, and West Nusa Tenggara by 1.03%. However, there are also
several provinces that have experienced an increase in TPT, including West Nusa Tenggara
by 0.69%, East Java by 0.68%, and Bangka Belitung Islands by 0.59%. Upon further
investigation, many provinces in Indonesia still have an unemployment rate higher than the
national TPT of 5.86%. Among these are the Riau Islands with 8.23% and West Java
Province with 8.31% (BPS,2022). The high unemployment rates in each province in Indonesia
are influenced by the surrounding provinces. This can also be affected by the characteristics
of each province which are almost similar.

One of the issues that can be influenced by regions is unemployment. Unemployment is
defined as individuals over the age of 15 who are actively seeking work or do not have a job
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(BPS,2022). The imbalance between the number of available jobs and the size of the labor
force creates the potential for spatial labor mobility between rural and urban areas (Todaro,
2003). Therefore, the unemployment rate (TPT) data in Indonesia may likely be affected by
spatial effects.

Based on the description above, the researcher suspects that the factors influencing the
open unemployment rate in Indonesia vary across regions due to differences in the
characteristics of each region. In this study, the Bayesian method is used to estimate the
parameters. The estimation stages include forming the prior distribution, the likelihood
function, the posterior distribution, and generating the posterior distribution values using the
MCMC method. As a result, significant factors affecting the open unemployment rate in
Indonesia and its spatial regression model will be identified. Over time, data has emerged
providing information about correlations between regions in observational results. This type
of data, which includes information related to regions, is called spatial data (Anselin, 1988).
If spatial data is analyzed using linear regression analysis, the resulting model is inaccurate
because linear regression analysis assumes no dependency among errors in each region and
constant error variance. Spatial data can be addressed using spatial regression analysis.

Parameters are values that can explain the characteristics of a population. Parameter
estimation can be either interval estimation or point estimation. Point estimation can be
performed using classical methods or Bayesian methods. The classical method only uses
sample data information to estimate parameters, whereas the Bayesian method considers the
sample data distribution information and incorporates the prior distribution. Another
advantage of the Bayesian method is that it can yield better results even with small sample
sizes compared to classical methods (Soodejani et al. 2021).

METHOD
Data Type and Source

In this study, the type of data used is secondary data obtained from the Central
Statistics Agency (BPS) with the observation unit used in this study is 34 Provinces in
Indonesia

Research Variables

Open unemployment rate, literacy rate, percentage of poor people, growth rate of gross
regional domestic product (GRDP) at constant prices, labor force participation rate, and
proportion of young adults 15-59 years old with ICT skills in 2022.

Bayes Method

The first step is to determine the prior distribution of the parameters to be estimated.
This distribution can originate from previous research data or based on a researcher's
intuition. The posterior distribution forms the basis for all inferences because it contains all
relevant information regarding the estimation problem. This relevant information includes
sample data information derived from the likelihood as well as the prior distribution assigned
to the parameters. The Bayesian approach to estimation arises from several basic probability
axioms. (LeSage & Kelley Pace, 2009).

For two random variables A and B, the joint probability P (A, B) can be expressed in
terms of conditional probabilities P(A|B) or P(BJA)and marginal probabilities P(B) or P(A) as
shown in equations (1) and (2).

P(A,B) = P(A|B)P(B) 1)
P(A,B) = P(BJA)P(A) (2

If these two equations are equalized, it will result in Bayes' rule:
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P(A|B)P(B) 3)

P(B|A) = )

Bayesian Spatial Autoregressive (BSAR)

The Bayesian Spatial Autoregressive (SAR) model with a multivariate normal inverse
gamma prior is a SAR model that uses the normal inverse gamma distribution as the prior
distribution for the model parameters. The likelihood function in the SAR model is given as
follows:

(4)

n 1
p(D|B,o,p) = (2nao?)"2|Alexp (_F (Ay — XB) (Ay — Xﬁ))

with 4 = (1, — pw) and |4| denotes the determinant of matrix A
Parameters gand o2 in the SAR model follow the inverse gamma normal distribution
(LeSage & Kelley Pace, 2009).
1. Distribution of prior =(3|o*) follows a normal distribution
n(fla?) ~ N(c,o?T)

1 1
= 7 5 1P (—ﬁ(ﬁ —c) THB — C)) (5)
(2m)2(c2)2 |T|2

2. Distribution prior m (¢2) follows the inverse gamma distribution

m(c?) ~ 1G(a, b)

=y (@ explb/o) ©)
3. Distribution prior =(g,s2) follow the normal inverse gamma distribution
Distribution prior =(8,s2) obtained from Equations (5) and (6)

n(B,0%) ~NIG (c,T,a, b)

=n(Blo?) n(a?)

= N (c,cd?’T) x IG(a, b)

1 1
= 5 lexp(—ﬁ —c)’T_l(ﬁ—c))

emiebiT ™
bhe b

Xty (0 exp (-3)

_ . he : (UZ)_(G+(§}+1)
(2m)Z |T|2T (@)

1
X exp (—F[(ﬁ —c)'T B —c)+ Zb])
4. Distribution prior m(p)
(0) ~ U Uiy, Amax (8)
1
- ‘RE"I%IX "Rgﬁn

with (Agi, Aqm ) Stating the minimum and maximum eigenvalues of the spatial weighting
matrix

Based on the likelihood function and prior distribution above, the posterior distribution
obtained is as follows:
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p(B,p,a?|D) = (Znaz)‘g |A| exp(—zf;(ﬂxy —XB)'(Ay —Xﬁ))
X . b (gz)‘(“@)“}
(2m)2|T|2 I'(a)

X exp (—2%2[(3 _ T (B -0+ Zb])

()
‘11—111?-3'3;1]{11

x (@) (a+554) g

1 9

x exp (— 5 [(ay — XBY (Ay = XB) + (B — ' T~(8 ) +2b] ©)
Equation (2.49) can be written as follows:

P(B,p,o2|D) =x (¢2)~@+1|A| x exp (—271;2 [n2b* + (B — c*)'(T*) (B — C”)]) (10)

with:

T = (X™X+ 11~ (11)

¢ =(X'X+T ) (XAy+T o) (12)

b*=b+((c'T " c+yTATAy) — (") (T")7'c") (13)

a"=a+ iy (14)

2
The parameter (3,5,p) can be estimated by combining Gibbs and Metropolis-Hastings
through sequential sampling from the conditional distribution of the estimated parameters.
1. The conditional distribution for parameter g|p, o2
P[:JG|P’ Jt'znjj“’N(CHrJ{anTH) (15)
with g|p,a? follows a multivariate normal distribution
¢ =XX+T I (XAy+T )
T = (X'X+T 1!
A=1I,—pW
2. The conditional distribution for a2,
P(02|B(1yp)~1G(a’,b") (16)
n+p
2
b*=b+((c'c+y'AAy) — (c*)(T*) 1)
A=1I,—pW
3. The conditional distribution for p|g;) 02,

P(p,B.0%|D
P(olp.ot) = D)

« P(p,B,o%|D)
o< |1, — pW | exp (—T;(Ay—xﬁ)'my—xﬁ))

Sampling for the parameter p must be done using an alternative approach, such as
Metropolis-Hastings. A combination of Metropolis-Hastings (M-H) sampling for the p
parameter in the model and Gibbs sampling from the inverse gamma normal distribution for
the B and o parameters is performed to generate MCMC estimates for the SAR model
(Lesage, 1998). This type of procedure is often labeled Metropolis within Gibbs sampling.

a*=a-+

(17)
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Markov Chain Monte Carlo (MCMC)

It is one method for simulating sample data. Simulation with the MCMC method
generates sample data from a specific distribution using the properties of a Markov chain,
which is used to obtain the posterior distribution in Bayesian methods with high accuracy.
MCMC uses an algorithm called Gibbs sampling and Metropolis-Hastings. The Gibbs
sampling algorithm uses the full conditional distribution, which is then combined in the
posterior distribution with the notation p ( 6 | d a t a ) p(Bldata). The Gibbs sampling
algorithm can be applied if the joint probability distribution is not explicitly known. The steps
in performing MCMC simulation using the Gibbs sampling algorithm are as follows
(Ntzoufras, 2008):

a) Deciding on initial values (8,o%)°

b) Where ¢t =1,..,T, Then, the sample generation stage is carried out with the following
iterative steps:
]l:_t:I dal’l f(ﬂl|ﬁ(t—ll (t— _I_I’ s !gt_l:ly (0_2)(3_1],2“:)’

39 dari £(B,]8,7, BV, B (62, Z,),
O dari £(BsB7, ALY, ..., BEY, (62)E D, 2,),
<9 dari £(B,|87.857. ... B, (61, 2,),
(e2)@ dari f(o2|B7.8:7, ... 7. (631, Z,)

c) Constructing (3,0%)®and then storing it as a set of values generated in iteration t t in the
Gibbs Sampling algorithm.

The Metropolis-Hastings algorithm can be used to help generate random samples from
the desired posterior distribution. The Metropolis-Hastings algorithm is as follows:
1. Generate v,~q(y|x?).
2. Take
(1) _ ¥;,  dengan peluang a'l:x“:',}j't),
x;, dengan peluang 1 —a(x'?,¥;)
3. with
Falxly) }
= 1
o) = min{ LSS

Validity of Bayesian Estimates

Validity in Bayesian methods is used to ensure that the model obtained from Bayesian
estimation is appropriate. The conditions that must be met are convergence and no
autocorrelation. Model validation is done for each model parameter (Jaya et al., 2017).
Convergence can be detected using a trace plot. If no pattern is observed in the trace plot, it
can be concluded that the obtained parameters are good (Jaya et al., 2017).

Data Analysis Steps
The technique used to analyze data in this study is Bayesian spatial regression analysis.
The steps for data analysis after data collection are as follows:
1. Visualization of data in thematic map form to observe the distribution of data between
provinces.
2. Estimation of Bayesian linear regression parameters.
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3. Determination of the spatial weighting matrix using the inverse distance weight (IDW)
method.

4. Estimation of SAR model parameters for spatial regression using the Bayesian method
with the following steps:
a. Finding the prior distribution using the prior distribution according to equation (7).
b. Creating the likelihood function from n n random samples according to equation (4).
c. Forming the posterior distribution based on the prior distribution and likelihood

function.

d. Performing Monte Carlo simulation.

5. Bayesian estimation validity by creating a trace plot.

6. Performing interpretation.

RESULTS AND DISCUSSION
Data Visualization

o 500 1.000 2.000 3.000 4.000

Y

| 2,340000 - 3,000000
3,000001 - 4,060000

| 4,060001 - 5,110000

I 5.110001 - 6,880000

B s.850001 - 8,310000

Source: research data 2024
Figure 1: Map of the Distribution of Open Unemployment Rate in Indonesia in 2022

Figure 1 illustrates the percentage of open unemployment rate in Indonesia in 2022
categorized as low, with a range of 2.34% to 3%, found in West Sulawesi, Gorontalo, Papua,
West Nusa Tenggara, and Central Sulawesi provinces. The lowest open unemployment rate
in Indonesia, at 2.34%, is recorded in West Sulawesi Province. Conversely, the percentage of
open unemployment rate categorized as high, ranging from 6.88% to 8.31%, is observed in
Maluku, Jakarta, Banten, and West Java provinces. The highest open unemployment rate, at
8.31%, is found in West Java Province

Bayesian Regression Analysis

The first step is to estimate Bayesian linear regression using MCMC simulation, as
shown in Table 1 and Table 2.
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Table 1. Credible Interval of Bayesian Linear Regression

Markov Quantile
. Standard Chain ..
Variable Mean Deviation Standard 5% 95% Decision
Error
Intercept 494 27,1 0,5 5,37 94,29 Significant
Non
X —04 —0,78 0,07 Lo
! 0.3 0.0 Significant
Non
X, 0,0 0,1 0,0 —0,12 0,13 Significant
Non
X -01 —0,18 0,07 Lo
2 0.1 0.0 Significant
X, —0,2 0,1 0,0 —0,32 —0,08 Significant
X 0,1 0,0 0,0 0,01 0,14 Significant
Source: research data 2024
Table 2: Significance of Bayesian Linear Regression Parameters
Parameter Parameter Estimated Mean
Bo 50,220142600 49.4
B —0,364296565 —04
B. 0,003418939 0,0
Bs —0,053466181 —01
Pa —0,198115741 —02
Bs 0,073324795 0.1
Source: research data 2024
The estimated linear regression model obtained based on Table 1 and Table 2 is:
Y, = 50,2201426 — 0,1981157X,, + 0,0733247X;, (18)

The estimated linear regression model based on Table 2 interprets that if the labor force
participation rate TIK (X,) and the proportion of young adults with TIK (X5) are both 0, then
the open unemployment rate in Indonesia is 50.2201426. If the labor force participation rate
TIK (x,) increases by one unit, it can reduce the unemployment rate in Indonesia in 2022 by
0.1981157, assuming other factors remain constant. If the proportion of young adults with
TIK (Xs)increases by one unit, it can increase the unemployment rate in Indonesia by
0.0733247, assuming other factors remain constant.

Bayesian Spatial Regression Analysis
According to equation (9), the following posterior is used:

p(B,p,0%|D) = (210?) 2 |Afexp (—% (Ay—xﬁ)T(Ay—Kﬁ))

% b;‘l (52)—(“@“)

(2m)%|T[? T(@)

X exp (—% [(B—)TT(B—0c) +Zb])
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()
x _—
'q'Ella.‘i ’ A;ﬂjiﬂ

+
o (62)_(“_“2;: l)|,=1|

X exp (—% [(Ay —XB)T (Ay—XB) + (B —c)"T (B —c) + 2b] )

The solution process for this equation uses MCMC simulation because the posterior
equation is difficult to solve analytically.

Parameter Estimated
The parameter estimation used is the average of the sample values obtained after
simulating using a posterior sample size of 1000, and the results can be seen in Table 3.

Table 3. Credible Interval of Bayesian Spatial Regression

Variable Mean Deviation Markov Quantile Decision
Standard Chain 5% 90%
Standard
Error

Intercept 48 2 25,8 0,4 4,93 92,32 Significant
X, —0,4 0,2 0,0 —0,78 0,14 Non Significant
X, 0,0 0,1 0,0 —-0,13 0.14 Non Significant
X3 —0,1 0,1 0,0 —0,19 0.07 Non Significant
X, —0,2 0,1 0,0 —0,33 —0.07 Significant
A5 01 0,0 0,0 0,0 0,15 Non Significant

Source: research data 2024

Hypothesis testing against the value of the credible interval to estimate parameters with
a 90% credible interval. The process of calculating the credible interval value is observed at
the 5% and 95% quantiles. If there is no value of 0 between the 5% and 95% quantiles, then
the response variable significantly influences the open unemployment rate in Indonesia.

Hypothesis testing:

Hy:fy =Py =P3 =0, =0

H:atleast one ﬁp #=0,p=12345

In Table 4.3, the results of the parameter estimation test using a 95% credible interval
are shown. The quantile values between 5% and 95% indicate that the labor force
participation rate variable (X,) is significant in relation to the open unemployment rate in

Indonesia in 2022.

Table 4. Estimated Parameters of SAR Bayes Regression Model

Parameters Parameters Estimation
p 0,6190106
Bo 55,9999578
B, 0,1969373
Bs —0,0890727

Source: research data 2024
The estimated linear regression model obtained based on Table 3 and Table 4 is:
34

. (19)
¥, = 559999578 +o,6190106z wy;y; +0,1969373 X,
1
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Model Interpretation

Interpretation of the SAR Bayes Model in Table 3 is as follows:

a. The coefficient p =0,6190106 means that if a province is surrounded by other provinces,
the influence of the surrounding provinces can be measured as 0,6190106 times the total
open unemployment rate in the neighboring provinces, assuming all other factors remain
constant.

b. The coefficient g, = 0,1969373 means that if the labor force participation rate in a province
increases by one percent, it will increase the open unemployment rate in that province by
0,1969373, assuming all other factors remain constant.

From the SAR Bayes model in Equation (19), a different model is obtained for each
province. Therefore, there are a total of 34 equation models. For example, the province of
Aceh, which has three neighbors: Riau Province, West Sumatra Province, and North Sumatra
Province, has the following equation model:

YAceh = 0!6190106 + Ur001253R_iau + Ur0012445umatera Barat + Ur0025975um3t3r3 Utara
+0,1969373X, acen

The Validity of Bayesian Estimation
To check the convergence of the estimates, trace plots and ergodic plots are used. The
trace plot of the SAR Bayes model in R software is as follows.

(Intercept) X1 X2
100 A bt gant b b byl A ‘.h--i"\‘iHLJ A - ¢ iy L Wl
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Source: research data 2024
Figure 2. Trace Plot of SAR Bayes Model
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Figure 3. ACF Plot of SAR Bayes Model

Based on Figures 2 and 3, it can be observed that the trace plot does not form a specific
pattern or trend. This indicates that the burn-in period has ended, meaning that the generated
samples are within the target distribution area. After the burn-in period, the generated
samples are considered more stable. Therefore, it can be said that the algorithm has achieved
convergence. Additionally, based on the ACF plot, there is no significant lag observed, thus
meeting the assumption of non-autocorrelation.

CONCLUSION
Based on the results and discussion obtained, several conclusions can be drawn:
1. The significant variable in the open unemployment rate (TPT) in Indonesia using Bayesian
spatial regression method is labor force participation. The SAR Bayes model used to

model the open unemployment rate in Indonesia is:
34

Y, = 559999578 +0,61901062 wy;y; + 0,1969373 X,
1

2. The SAR Bayes model was obtained with an acceptance rate of 0.55. This indicates that
the labor force participation variable (X4) is capable of explaining the case of open
unemployment rate in Indonesia, while the rest is influenced by other variables outside the
model.

3. The factors influencing the open unemployment rate (TPT) in Indonesia are the labor force

participation rates in each province of Indonesia.
Based on the research conducted, there is only one significant variable, namely the labor
force participation rate (TPAK). The government plays a crucial role in managing the
labor force participation rate and the unemployment rate in Indonesia. It is hoped that the
government and the labor force can work towards improving skills and education, and
engage in training that can enhance the qualifications of the workforce, making it easier to
secure employment.

REFERENCES

Agustina, M., Abapihi, B., Ngurah Adhi Wibawa, G., Yahya, I, & Oleo, H. (2022).
Pemodelan Faktor-Faktor yang Mempengaruhi Tingkat Pengangguran Terbuka di
Indonesia dengan Pendekatan Regresi Spasial. Fakultas Mipa Universitas Sam
Ratulangi, 56.

Anselin, L. (1988). Spatial Econometrics: Methods and Models. Kluwer Academic
Publishers, Dordrecht.

Box, G. E. P., & Tiao, G. C. (1973). Bayesian inference in statistical analysis. International
Statistical Review, 43, 242.

Badan Pusat Statistik. (2022).

1453 |Page


https://dinastipub.org/DIJEMSS

https://dinastipub.org/DIJEMSS Vol. 5, No. 5, June 2024

Elhorst, J. P. (2014). Spatial Panel Data Models: In Handbook of Applied Spatial Analysis
(pp. 377-407). Springer Berlin Heidelberg.

Kosfeld, R. (2006). Spatial Econometrics.

Lee,J. & Wong, D, W, S (2001). Statistical Analysis with Arcview GIS. John Wiley and Sons,
New York.

Lesage, J. P. (1998). Spatial Econometrics.

LeSage, J., & Kelley Pace, R. (2009). Introduction to Spatial Econometrics.

Mariana. (2013). Pendekatan Regresi Spasial Dalam Pemodelan Tingkat Pengangguran
Terbuka. Jurnal Matematika dan Pembelajarannya, 1(1).

Ntzoufras, I. (2008). Bayesian Modeling Using WinBUGS. In Bayesian Modeling Using
WinBUGS.

Perobelli, F., & Haddad, E. A. (2003). Brazilian Interregional Trade (1985-1996): an
Exploratory Spatial Data Analysis. e18.

Sugito, S., & Ispriyanti, D. (2012). Distribusi Invers Gamma pada Inferensi Bayesian. Media
Statistika, 3(2).

Susanto, R., & Pangesti, I. (2021). Pengaruh Inflasi dan Pertumbuhan Ekonomi Terhadap
Tingkat Kemiskinan di Indonesia. JABE (Journal of Applied Business and Economic),
7(2).

Soodejani, M. T., Tabatabaei, S. M. & Mahmoudimanesh, M. (2021). Bayesian Statistic
Versus Classical Statistic in Survival Analysis: an applicable example. American
Journal of Cardiovascular Disease, 11(4), 484-488.

1454 |Page


https://dinastipub.org/DIJEMSS

