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Abstract

This study aims to model poverty status using a Bayesian binary logistic regression approach
and to identify factors influencing whether districts/cities in East Java are classified as having
above-average or below-average poverty levels. The response variable is defined as a binary
outcome based on the provincial average poverty rate, where observations are categorized
into two groups: above-average and below-average poverty status. Bayesian estimation is
employed to address potential instability in parameter estimation, particularly under small
sample conditions. Parameter estimation is performed using Markov Chain Monte Carlo
(MCMC) methods, specifically a Metropolis-Hastings algorithm within a Gibbs sampling
framework, due to the intractability of the posterior distribution. Informative normal priors
are specified based on empirical estimates obtained from maximum likelihood estimation.
Convergence diagnostics indicate that the Markov chains reach stationarity after 266,000
iterations with a burn-in period of 60,000 and thinning of 10. The results show that the
Human Development Index (HDI), Life Expectancy, and Gini Ratio significantly influence
poverty status. The model demonstrates adequate fit based on the residual deviance test
and achieves an in-sample classification accuracy of 84.2%. However, this accuracy may
overestimate predictive performance since it is evaluated on the same dataset used for model
estimation. Simulation studies with varying sample sizes indicate that Bayesian estimation
produces estimates closer to the true parameter values compared to classical likelihood-based
methods, particularly in small samples. The comparison is evaluated using bias and mean
squared error (MSE), confirming the robustness of the Bayesian approach.
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1. Introduction

East Java has the highest poverty rate in Indonesia, yet existing models struggle with small-
sample bias in district-level analysis [1]. We are trying to get a robust model, particularly with
flexible sample sizes. Hence, we come up with the idea of using Bayesian estimation method
used for logistic regression. In linear regression, the response variable is generally continuous,
but many response variables are found to be categorical. Cases like this can be analyzed using
a non-linear regression model, namely the logistic regression model. This regression model is
used to determine the relationship between dichotomous or polychotomous response variables
with one or more categorical or continuous predictor variables [2]. The application of logistic
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regression has developed rapidly, starting from being used in research in the field of epidemiology
to now being commonly used in other fields such as biomedicine, manufacturing, business and
finance, and other fields.

The response variable in logistic regression can be categorical, can be nominal or ordinal
[3]. Logistic regression models can be obtained by classical/likelihood or Bayesian estimation
approaches [4]. In the classical approach, parameters are considered as constants whose values are
not yet known. The classical approach commonly used is the Maximum Likelihood Estimation
(MLE) method where the estimation process is only based on information from samples obtained
from the population so that the sample size greatly influences the estimation results. Such as
research by [5] using a binary logistic regression model on the open unemployment rate in West
Sulawesi Province in 2017 with the Maximum Likelihood Estimation (MLE) method, it was found
that gender and field of work variables affected the open unemployment rate. Binary logistic
regression not only uses the classical method, but can also use the Bayesian method. The main
advantage of the Bayesian method is the use of posterior probability [6]. Parameter estimation
in the Bayesian method is not expressed as a point estimate, but is a statistical distribution, so
it can be said that in this method the parameter is a variable that has a distribution. In the
posterior, there is no longer a need to perform test statistics in inference, whereas in the classical
likelihood-based method, test statistics must be used.

In the Bayesian estimation, parameter is estimated by combining the likelihood function of
the sample data with the prior distribution to produce a posterior distribution. The posterior
distribution, when applied to simple situations, can be solved analytically, but in complex cases,
integration through simulation methods is needed. The use of binary logistic regression analysis
with the Bayesian method has been applied in several studies, such as those conducted [7][8].
Furthermore, binary logistic regression research with the Bayesian method can be used in various
fields, one of which is in the social and economic fields. Along with the development of the era,
both developed and developing countries have serious problems that must be faced and resolved
by the government in the social and economic fields, namely poverty. Poverty occurs in both
developed and developing countries, especially in countries with high and dense populations such
as Indonesia.

Based on information from Central Statistics Agency, poverty is the powerlessness of people
to meet their life needs, both primary and secondary needs. The number of poor people in
Indonesia in March 2023 reached 25.90 million people. The largest number of poor people is in
East Java with a record of 4.18 million poor people or around 10.35% of the total population. To
reduce the poverty rate in Indonesia, it is necessary to know what factors influence the high and
low poverty rates in Indonesia so that in the future effective policies can be determined to reduce
the poverty rate in Indonesia. Research using binary logistic analysis was conducted by [9] using
the response variable, namely the percentage of poor people. While the predictor variables are
the human development index, Gini ratio, GRDP growth rate, and population growth rate [10].
The results of this study indicate that there are two predictor variables that influence the poverty
rate in Indonesia in 2021, namely the HDI and Gini ratio variables. Based on the description, this
study will use binary logistic regression with the Bayesian method to determine the model formed
and the factors that influence the poverty rate in East Java in 2022. All Bayesian inference is
conducted through the use of Bayes’ theorem [11-17]. The simulation result from estimating
logistic regression parameters should also be used for confirmation of the beneficial part of using
Bayesian estimation, particularly for the case of percentage of poverty rates. Specifically, the
objectives of this study are 1) to identify the binary logistic regression model with the Bayesian
method, and 2) to identify factors that significantly affect the percentage of poverty rates in
cities/regencies in East Java in 2022, and 3) to conduct simulations to confirm the goodness of
the Bayesian binary logistic regression model.

Based on the description above, this study employs Bayesian binary logistic regression to
model poverty status in districts/cities in East Java. The response variable is defined as a binary
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outcome, where regions are classified into two categories: above-average and below-average poverty
status based on the provincial mean. Therefore, this study aims to: (1) identify the Bayesian
binary logistic regression model for poverty status; (2) determine factors that significantly affect
poverty status in districts/cities in East Java in 2022, and; (3) conduct simulation studies to
evaluate the performance of the Bayesian approach compared to the classical likelihood-based
method under different sample sizes.

2. Methods

This section presents the methodological framework used in this study. The discussion begins
with the formulation of the binary logistic regression model as the baseline framework, followed by
the Bayesian estimation approach, inference procedure, and simulation design. Each component
is described systematically to ensure clarity in model construction and interpretation.

2.1. Binary Logistic Regression

The binary logistic regression model is used to model the relationship between a binary response
variable Y; € {0,1} and a set of predictor variables z; = (z1, 2, ..., Zip)?, where i = 1,2,...,n.
The model is defined through a linear predictor:

p
m=Bo+ Y Bz =z B, (1)
j=1
where 8 = (Bo, b1, - - - ,ﬁp)T is the vector of regression parameters.

The conditional probability of success is modeled using the logit link function:

R P @)

Hence, the distribution of the response variable follows a Bernoulli distribution:
Y; | 23, 8 ~ Bernoulli(;). (3)

The likelihood function is constructed based on the assumption of independent observations:
n
LB |y, X) = [[ a1 = m)' 7, (4)
i=1

where y = (y1,¥2,...,9yn) and X = (21, 22,...,2,)". The corresponding log-likelihood function

is given by:
n

0(B) = [yilog(m) + (1 — y;) log(1 — ;)] . (5)

i=1

The score function (first derivative of the log-likelihood) is expressed as:
oUPB) _ <
=2 Tilyi — ™). 6
o5 = il m) (6)

Because the score equations are nonlinear in 3, numerical optimization methods such as Newton-
Raphson are required to obtain the maximum likelihood estimator.
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2.2. Bayesian Method

Bayesian inference treats the parameter vector 8 as a random variable. The inference is based
on Bayes’ theorem, which combines the likelihood function and the prior distribution to obtain
the posterior distribution.

Let p(/3) denote the prior distribution and p(y | 8, X) denote the likelihood function. The
posterior distribution is given by:

_ply | B, X)p(B)
p(Bly, X) = X

(7)
where the marginal likelihood is:

ply | X) = [ ply | 8.)p(8) d5. 0

Since the marginal likelihood does not depend on (3, the posterior distribution is commonly
written in proportional form:

p(B 1y, X) < ply | B,X)p(B) (9)
2.3. Prior Distribution, Likelihood, and Posterior Distribution

The prior distribution represents the uncertainty about the model parameters before observing
the data. In this study, each regression parameter is assigned an independent normal prior
distribution:

BJNN(N]7U?)7 j:OJ]‘J"'?p' (10)

Under the assumption of prior independence, the joint prior distribution is expressed as:

p(8) =[] — exp(—W) (11)
§=0

27r0]2~ 2‘7]2'

The hyperparameters p; and 0']2- are specified using an empirical Bayes approach based on
maximum likelihood estimates (MLE). This strategy is adopted to incorporate data-driven
prior information and to improve numerical stability of posterior estimation, particularly in
finite-sample settings. However, since the prior is constructed using the same dataset as the
likelihood, this introduces a potential dependence between prior specification and observed data.
To mitigate its impact, the prior is interpreted as a weakly informative empirical prior rather
than a fully independent prior.

The likelihood function for the binary logistic regression model is defined in observation-wise

form as: T Yi o
ply | 5, X) = H (1 + exp(x?5)> (1 + exp(mz‘Tﬂ)> . "

=1
The posterior distribution is obtained by combining the likelihood and prior via Bayes’ theorem:

p(B 1y, X) < ply | B,X)p(B) (13)

Due to the non-conjugacy between the Bernoulli likelihood and the normal prior, the posterior
distribution does not have a closed-form expression. Therefore, exact analytical inference is not
feasible, and posterior approximation is required.

In this study, posterior inference is conducted using Markov Chain Monte Carlo (MCMC)
methods. Specifically, a Metropolis-Hastings step is embedded within a Gibbs sampling framework
to handle non-standard full conditional distributions. The full conditional distribution for each
parameter j3; is given by:

p(Bj | B-j,y, X) < p(y | B, X) p(B;)- (14)
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where 3_; denotes the vector of all parameters excluding 3;. Because this conditional distribution
does not belong to a standard parametric family, direct sampling is not possible. Therefore, a
Metropolis-Hastings update is applied within each Gibbs iteration to generate samples from the
target posterior distribution.

2.3.1. Markov Chain Monte Carlo (MCMC)

Markov Chain Monte Carlo (MCMC) is a simulation-based method used to generate samples from
a target posterior distribution when analytical solutions are not available. In this study, MCMC
is used to approximate the posterior distribution of the parameter vector 5 in the Bayesian binary
logistic regression model. The goal is to construct a Markov chain whose stationary distribution
corresponds to p(f | y). In binary logistic regression, the posterior distribution is analytically
intractable due to the non-conjugacy between the Bernoulli likelihood and the normal prior.
Therefore, numerical simulation methods are required to obtain posterior samples.

This study employs a Metropolis-Hastings within Gibbs sampling framework (Metropolis-
within-Gibbs), since the full conditional distributions of the regression parameters do not have
standard closed-form expressions. The general MCMC procedure for posterior sampling is
described as follows [16]:

Algorithm 1 MCMC Posterior Sampling Procedure

[y

. Initialize parameter values ()

2: For iteration t = 1,2,...,T, update each parameter sequentially using Metropolis-within-
Gibbs steps

3: For each parameter ;, generate candidate value 57 from proposal distribution

i~ N(BI, 72) (15)

4: Compute acceptance probability

. p(B; | B-4,v)
a =min | 1, = (16)
( p(BY ”|6j,y>)

: Accept or reject 57 based on «

Repeat until all parameters are updated for iteration ¢

: Repeat steps until T iterations are completed

: Discard the first B iterations as burn-in period

. Use remaining samples (8541, ... 8(T)) for posterior inference

10: Summarize posterior results (mean, median, standard deviation, Monte Carlo error)

© ® N S w

It should be noted that the use of priors derived from maximum likelihood estimates (MLE)
obtained from the same dataset may introduce potential double use of data. In this study, these
priors are treated as empirical priors to improve numerical stability, particularly under small
sample conditions. In this context, the posterior distribution p(f | y) cannot be obtained in
closed form due to the non-conjugacy between the Bernoulli likelihood and the normal prior
distribution. Therefore, MCMC sampling is required to approximate the posterior distribution.

2.3.2. Metropolis-within-Gibbs Sampling Algorithm

In this study, the parameter estimation of the Bayesian binary logistic regression model is
conducted using a Metropolis-within-Gibbs sampling algorithm. The full conditional distribution
of each parameter [3; is given by:

p(B; | B—j,y) < p(y | B) p(B;). (17)
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At iteration t, a candidate value is generated from:
-1
B~ N (B, 72). (18)

The acceptance probability is defined as:

, p(B5 | B-j:y)
o =min | 1, = . (19)
( p(al rﬁ_j,y))

The updating rule is:

B = (20)

FIGR

} , otherwise.

{ x if accepted with probability «,
This procedure is repeated sequentially for all parameters within each iteration until convergence
is achieved.

Convergence Algorithm and Parameter Significance Test

The convergence checking aims to assess whether the generated samples adequately represent
the posterior distribution. This can be evaluated using trace plots, MC error, autocorrelation
plots, and kernel density plots [16][18].

Parameter significance in the Bayesian framework is determined using credible intervals. For
a posterior density f(5|z), the 100(1 — )% credible interval [C, D] satisfies:

P@elCDl 0= [ fBlnds=1-a (21)

with endpoints determined by:
C 00
| sGmds=ajz [ 1(Ba)ds = af2. (22)

2.4. Goodness of fit test and Model Classification Accuracy

The model suitability test aims to determine the suitability of the model in logistic regression.
The test used is the residual deviance test [2]. The hypotheses used: Hy : yr = Ji (the model
is appropriate); and Hj : yr # U (the model is not appropriate). The residual deviance test
statistic can be written in the equation D = —2In(f(y|3)) ~ X%n—p—l)' The model suitability
test is carried out by comparing the residual deviance test statistic with the critical point of chi
square.

The decision criterion in this test is to reject Hy if D > ch,(n—p—l)’ then the models obtained
are not appropriate. The measure of the suitability of the logistic regression model has a high
probability of classification accuracy or a low probability of misclassification [2]. To determine
the suitability of the model, it is necessary to measure the goodness of the model. In binary
logistic regression classification there are only two classes, namely ‘Yes’ or ‘No’ Table 1 shows
the predicted classification and actual classification, where: TP: actual class and predicted class
show ‘Yes’; FP: actual class shows ‘No’ but predicted class shows ‘Yes’; FN: actual class shows
“Yes’ but predicted class shows ‘No’; TN: actual class and predicted class show ‘No’. Determining
accuracy of the classification can be assessed from the sensitivity %, specificity %,

(TP+TN)
FFP+TN+FN) [19].

and accuracy TP
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Table 1: Cross Tabulation of Predicted Class and Actual Class

Actual class
Yes No
Yes  True Positive (TP)  False Positive (FP)
No False Negative (FN) True Negative (TN)

Prediction class

2.5. Data and Research Variable

This study uses secondary data obtained from the Central Statistics Agency (BPS). The data
used consist of the percentage of poverty rates in East Java and the factors that influence the
percentage of poverty rates. The average percentage of poverty rates in East Java in 2022 was
10.38% [20].

The poverty status of cities/regencies is categorized into two groups, namely below-average
and above-average poverty status based on the provincial average poverty rate in East Java. The
grouping of poverty percentage levels is presented in Table 2.

Table 2: Grouping of Poverty Status

Information Condition Code
Below average poverty status < 10.38% 0
Above average poverty status > 10.38% 1

The structure of the data used in this study is presented in Table 3. The data structure to

Table 3: Data Structure

Y, Xy Xo o Xy

i Xun Xoo -0 Xy
2 Y, X Xoo - Xpo
n Yn Xln X2n e Xpn

be used in this study uses binary logistic regression analysis as shown in Table 3, where: n is the
number of responses; p is the number of predictor variables; i = 1,2,...,n; j =1,2,...,p; Y;
is the value of the i-th response of the response variable; Xj; is the value of the j-th predictor
variable of the i-th response. This study identifies factors that influence the poverty rate of
cities/regencies in East Java with binary logistic regression using the Bayesian method with one
response variable and four predictor variables presented in Table 4.

Table 4: Response and Predictor Variables

Variable Note Category Scale
Y Poverty status 0: Below average; 1: Above average Nominal
X1 Human Development Index (HDI) - Ratio
X5 Life expectancy 0: <71.74; 1: > 71.74 Nominal
X3 Open unemployment 0: <5.49%; 1: > 5.49% Nominal
X4 Gini ratio - Ratio

Interpretation of logistic regression is based on the odds ratio (OR). The OR value (¢) is
obtained from the probability of an event occurring compared to the probability of the event
not occurring [21]. This is expressed through the odds ratio, which represents a comparison
of the probability of an event between two groups. A high odds ratio value indicates that the
probability for a particular category is much greater than that of the reference group.

2.6. Data Analysis and Simulation

Data processing is conducted using RStudio. The simulation study is performed with 1000
replications for each sample size to evaluate the performance of the estimators under repeated
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sampling. The performance of the estimators is assessed using bias and mean squared error
(MSE), defined as:
Bias = E(3 — ), MSE = E[(5 — §)*]

In this study, simulation data are generated based on a predefined logistic regression model
using parameter values obtained from empirical estimates. Sample sizes considered are n = 10,
n = 38, and n = 100. It should be noted that the current simulation design assumes fixed true
parameter values and a correctly specified model structure. Therefore, the simulation primarily
evaluates estimator performance under an ideal model setting. This may lead to optimistic
performance results, especially for the Bayesian estimator.

To address this limitation, future studies are recommended to consider additional scenarios
such as model misspecification, different signal-to-noise ratios, and alternative prior specifications.
These extensions are expected to provide a more comprehensive assessment of estimator robustness
under more realistic conditions.

Algorithm 2 Bayesian Binary Logistic Regression Procedure

Perform descriptive statistical analysis

Check multicollinearity using VIF

Specify prior, likelihood, and posterior distributions

Estimate parameters using MCMC (Metropolis-Hastings within Gibbs)

Assess convergence using trace plots, MC error, autocorrelation, and density plots
Evaluate parameter significance using credible intervals

Construct the Bayesian logistic regression model

Assess model fit using residual deviance

Evaluate classification performance (accuracy, sensitivity, specificity)

Interpret model using odds ratios

—
e

3. Results and Discussion

This section presents the empirical results obtained from the Bayesian binary logistic regression
model applied to poverty status in districts/cities in East Java. The discussion begins with
descriptive statistics, followed by model estimation results, parameter inference, model evaluation,
and simulation outcomes.

3.1. Decriptive Statistics

Descriptive statistics are used to determine the general description of the data to be analyzed.
This study uses data from East Java Province consisting of 38 cities/regencies. It is known that
cities/regencies in East Java are categorized into two categories, namely poverty rates above
the average of 45% and poverty rates below the average of 55%. Based on these data, it shows
that cities/regencies in East Java have more cities/regencies that are in the category of poverty
rates below the provincial average. Predictor variables include the human development index,
life expectancy, open unemployment rate, and Gini ratio. It is known that most cities/regencies
in East Java are included in the category of life expectancy of more than 71.74 years, which
is 71%. While cities/regencies in the category of life expectancy of less than 71.74 years are
29%. It can be seen that the percentage of the category of open unemployment rate of more
than 5.49% is lower than the category of open unemployment rate of less than 5.49%, which
is 39%. While the category of open unemployment rate is less than 5.49% which is 61%. The
number of cities/regencies that have an open unemployment rate category of more than 5.49%
is 15 cities/regencies, while the category of open unemployment rate is less than 5.49% is 23
cities/regencies.

Achmad Efendi 1277



BLRBM

Table 5: Decriptive Statistics

Variable Minimum Maximum Average Std. Error
X, (HDI) 63.39 82.74 72.969 5.077
X, (Gini Ratio) 0.26 0.42 0.334 0.038

Based on the results of descriptive statistics in Table 5, it can be seen that the average
Human Development Index (X), in each city/district in East Java has an average of 72.969. The
highest Human Development Index is 82.74 in Surabaya City. The lowest Human Development
Index is 63.39 in Sampang Regency. The average difference in the Human Development Index of
each city/district in East Java to the average is 5.077. The Gini ratio (X4) in each city/district
in East Java has an average of 0.334. The highest Gini ratio is 0.421 in Malang City. The
lowest Gini ratio is 0.266 in Sumenep Regency. The average difference in the Gini ratio of each
city /district in East Java to the average is 0.038. Multicollinearity test is conducted to evaluate
whether there is a relationship between predictor variables. The way to find out the presence of
multicollinearity is by looking at the VIF (Variance Inflation Factor) value. The assumption of
non-multicollinearity will not be met if the VIF value is > 10. The VIF values are presented in
Table 6. Based on Table 6, it is found that the VIF values for all variables are no more than 10,
so the assumption of non-multicollinearity is met.

Table 6: VIF for each Predictor Variable

Variable VIF
Human Development Index (HDI) 2.7982
Life expectancy 2.6340
Open unemployment 1.2413
Gini ratio 1.0904

3.2. Maximum Likelihood Estimation Approach

Parameter estimation for binary logistic regression is generally solved using the maximum
likelihood estimation (MLE) approach. MLE is a parameter estimation method by maximizing
the likelihood function. In the Bayesian approach, the MLE parameter estimation value can
be used as a prior distribution when the initial information is limited and the model formed is
complex. In this study, the MLE parameter estimation results contain relevant and significant
initial information. So the MLE stimation results are used as the formation of priors for the
average value and standard deviation value. The results of the MLE approach parameter
estimation are presented in Table 7.

Table 7: Results of MLE Approach Parameter Estimation

Variable Parameter Coefficient Standard Error
Intercept Bo 52.2468 19.9746
HDI 51 -0.5850 0.2486
Life expectancy Ba -3.0466 1.5515
Open unemployment B3 -0.4509 1.0288
Gini ratio B4 -27.9093 18.2605

3.3. Bayesian Logistic Regression Parameter Estimation

The Bayesian method aims to obtain a posterior distribution obtained from the multiplication of
the prior distribution and the likelihood function. The Bayesian method in determining the prior
distribution does not yet know the parameter distribution to be used. The prior distribution
in this study is based on the types of informative priors and non-conjugate priors. The use of
informative priors is based on data information obtained from the results of the MLE approach
parameter estimation, while the use of non-conjugate priors is based on the subjectivity of the
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researcher. One of the criticisms of Bayesian, especially priors, is that Bayesian is subjective
[22]. Researchers can provide initial confidence (prior) in parameters because of the assumption
that the parameters are random variables. In this study, the non-conjugate prior used is the
normal distribution [4]. Based on research [23], the prior distribution for the parameters of the
Bayesian binary logistic regression model can follow the normal distribution. The probability
density function of the normal distribution of each binary logistic regression parameter is written
as follows

f(B;) =

e

exp (—Q;wj - m?) (23)
J

N —
S0

Table 8: Prior Distribution Parameter Values

Variable Parameter " o

Intercept Bo 52.2468  19.9746
HDI b1 -0.5850  0.2486
Life expectancy Ba -3.0466  1.5515
Open unemployment B3 -0.4509  1.0288
Gini ratio B4 -27.9093  18.2605

The value of the normal prior parameter is obtained from the estimation results with the
MLE approach. Table 8 presents the value of the normal prior distribution parameters that
will be used. The parameter estimation process for binary logistic regression with the Bayesian
method begins with the formation of a likelihood function. The Likelihood function is obtained
from a random sample and will be used to obtain the posterior distribution. The likelihood
function for the binary logistic regression model is written as follows

_ - eXp(BO + Z?:l /Bjxij) L 1 1—y;
L(ﬁ) - H (1 + exp(ﬁo + Z§:1 szlj)> (1 + eXp(ﬂU + Z?:l ﬁj:L"Lj)) (24)

=1

The posterior distribution in Bayesian is obtained from the multiplication of the prior distri-
bution and the likelihood function. If the likelihood function and the normal prior distribution
are combined then the following equation will be formed. This equation is used in the formation
of a full conditional distribution to generate samples. Sample generation is carried out using the
Gibbs sampling algorithm which aims to update parameters.

f(Bj | @) oc f(= | B5) f(B5)

where,
. 0 p Yi
F(Bilz) =1 — exp | Y- Bjwji
i—1 \ 1 +exp (Zi:l > =1 5]’%‘2‘) i=1j=1 (25)
1 1 )
ot (20?(5] ) )

Furthermore, convergence checks can be seen based on the results of the MCMC process
using trace plots, autocorrelation plots, MC errors, and kernel density plots. The algorithm
convergence check using trace plots forms an up and down pattern, so burn-in is needed. This
aims to eliminate the influence of non-convergent initial values. In the MCMC simulation of
the Gibbs sampling algorithm, iterations are carried out until the sample reaches convergence.
In the trace plot with 266,000 iterations by setting 60,000 iterations as burn-in, it does not
show a particular pattern, so that the simulated random sample has shown a convergent value.
Convergence checks for random samples of the Gibbs sampling algorithm MCMC can also be
done by examining the autocorrelation plot. If the autocorrelation value at each lag approaches
zero, then the random sample is said to have converged. Based on the ACF plot at thin 10, it
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shows that only lag 0 is close to 1 and the other lags are close to 0. This shows that the resulting
sample has converged and does not have high autocorrelation. Kernel density plot is a picture of
the posterior distribution, if the resulting distribution is in accordance with the prior form, then
the random sample is said to be convergent.

Density of betaO Density of betal Density of beta2

05 4
0.4
0.3
0.2

0.14

0.00 0 0.0
25 30 35 40 45 50 55 60 65 -0.7 -0.6 -0.5 -0.4 -0.3 -6 -5 -4 -3 -2 -1 0 1
N =20600 Bandwidth = 0.95149 N = 20600 Bandwidth = 0.00967 N = 20600 Bandwidth = 0.10423

Density of beta3 Density of betad
0.6

0.5
0.4
0.3
0.2 0.02

0.1 0.01

0.0 0.00
-3 -2 -1 0 1 2 =50 -40 =30 =20 -10 0 10
N = 20600 Bandwidth = 0.08979 N = 20600 Bandwidth = 1.03672

Fig. 1: Kernel Density Plot

Fig. 1 shows that the posterior distribution has resembled a normal distribution. The
distribution shape of the kernel density plot is in accordance with the prior distribution. So, it
can be said that the random sample generated from the MCMC simulation has converged. The
next convergence check is the MC error. The convergence check with MC error can be seen in
Table 9. Based on the table, it can be seen that the MC error results for each parameter are less
than 1% standard deviation. This means that the convergence of the random sample MCMC
Gibbs sampling algorithm for each parameter is met.

Table 9: MC Error

Variable Parameter SD 1%SD MC Error
Intercept Bo 0.223  0.0022 0.0016
HDI 51 0.009 0.0001 0.0001
Life expectancy B2 0.619 0.0062 0.0043
Open unemployment Bs 0.684 0.0068 0.0048
Gini ratio B4 0.233  0.0023 0.0016

3.4. Parameter Significance Test

In the Bayesian method, the parameter significance test is carried out by examining the credible
interval, where significant variables can be determined at a significance level of 5%. The values
from the 2.5% to 97.5% quantile provide a credible interval value for each particular variable.
A parameter is considered significant if the credible interval value does not contain zero. The
credible interval value for each variable is presented in Table 10. It can be seen that of the
four variables used, there are three variables that are proven to be significant, namely the
Human Development Index, Life Expectancy, and Gini Ratio variables. Meanwhile, the Open
Unemployment Rate variable is not significant based on the credible interval value.
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Table 10: Credible Interval

Variable Parameter 2.5% 97.5% Note
Intercept Bo 51.811  52.687 Sig.
HDI 51 -0.604  -0.567 Sig.
Life expectancy Ba -4.240 -1.834 Sig.
Open unemployment B3 -1.768 0.917 Not Sig.
Gini ratio B4 -28.364 -27.451 Sig.

3.5. Formation of Binary Logistic Regression Model with Bayesian Method

After testing the significance of the parameters, the next step is to form the Bayesian binary
logistic regression model. The final model coefficients are obtained from the posterior mean
of the MCMC simulation results using the Metropolis-within-Gibbs algorithm. The estimated
classification results are presented in Table 11.

Model suitability is evaluated using the residual deviance test. The hypotheses are Hy: the
model fits the data well, and H7: the model does not fit the data well. The residual deviance
value obtained is 30.5 with degrees of freedom equal to 33, following a chi-square distribution.
At a significance level of 0.05, the critical value is X%.05,33 = 47.399. Since D = 30.5 < 47.399,
the null hypothesis is not rejected, indicating that the model provides an adequate fit to the
observed data.

The classification results based on the confusion matrix are shown in Table 11. Based on

Table 11: Confusion Matrix and Classification Performance of Bayesian Logistic Regression Model

Prediction Actual Total
Above average (1) Below average (0)

Above average (1) 15 4 19

Below average (0) 2 17 19

Total 17 21 38

Table 11, the model achieves a sensitivity of 0.882, a specificity of 0.809, and an overall accuracy of
0.842. These results indicate that the model has a relatively good ability to classify observations
in the dataset used in this study.

However, it should be noted that these evaluation metrics are calculated using the same dataset
employed for model estimation (in-sample evaluation). Therefore, the reported accuracy may be
optimistic and potentially overestimate the model’s predictive performance on new or unseen
data. This limitation is common in studies without independent test data or cross-validation
procedures. Future research is recommended to apply out-of-sample validation techniques, such
as cross-validation or data splitting, to obtain a more robust evaluation of predictive performance.

The interpretation of the model is based on odds ratios derived from posterior estimates.
The results show that an increase in the Human Development Index (HDI) and life expectancy is
associated with a decrease in the odds of a district/city being classified as having above-average
poverty. The Gini Ratio also shows a significant relationship with poverty status, while open
unemployment is not statistically significant in this model. These interpretations describe
associations observed in the data and should not be interpreted as causal effects, as the analysis
is based on observational cross-sectional data.

3.6. Simulation Result

The simulation design includes data generation based on a logistic model with predefined
parameter values. For each scenario, repeated simulations are conducted to evaluate estimation
performance. The comparison between methods is assessed using metrics such as bias and mean
squared error (MSE).

In this section, a simulation is carried out with initial values obtained from the results of
likelihood and Bayesian estimates on poverty data in East Java province in 2023. The simulation
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results are presented in Table 12. It can also be seen in Figure 77 that the estimation results
with Bayesian and likelihood methods vary across different sample sizes.

Table 12: Simulation result with Likelihood and Bayesian

Parameter Initial value Likelihood Bayesian
10 38 100 10 38 100
Bo 50  12.004 43.895 40.097 40.435 55.321  52.543
Joit -0.5 -0.738 -0.634 -0.658 -0.683  -0.504  -0.578
Ba -3.0 -0.283 -2.754  -5.037  -2.275  -2875 -3.078
B3 -0.5  -1.298 -0478 -0.682 -0.421 -0.498 -0.512
B4 -20 -10.670 -17.004 -18.894 -12.315 -18.874 -18.756
. N=10 . N=38 . N=100
0 -—_—_\———-—/u‘ 0 0
™ b2 P VI b2 b3 [V b2 b3 ba
— Est Lik Bayes

Figure 2: Simulation Results Comparing Bayesian and Likelihoed Estimation

Fig. 2: Simulation Results Comparing Bayesian and Likelihood Estimation under Different Sample Sizes.
The x-axis represents sample size (n = 10, 38, 100), while the y-axis represents parameter estimates. The
horizontal line indicates the true parameter values used in the data-generating process.

It should be noted that the horizontal lines in Fig. 2 represent the true parameter values used
in the data-generating process, while the x-axis corresponds to different sample sizes (n = 10, 38,
and 100), and the y-axis represents the estimated parameter values under both likelihood and
Bayesian approaches.

As shown in Table 12, the Bayesian estimates are generally closer to the initial parameter
values compared to the likelihood estimates in several cases, particularly for smaller sample sizes
such as n = 10. However, this pattern is specific to the simulation setting used in this study and
should not be interpreted as a general superiority of one method over the other.

It is also important to note that the simulation results are influenced by the assumed data-
generating process, including the chosen parameter values and model structure. In addition, the
Bayesian performance is affected by the use of empirical priors derived from the same dataset,
which may contribute to the observed behavior in small sample settings.

Overall, 2 shows that as the sample size increases, both likelihood and Bayesian estimates
become closer to the initial parameter values, and the differences between the two methods tend
to decrease.

Finally, the conclusions drawn from this simulation are conditional on the specific parameter
setting and design of the study. Future research may consider alternative parameter configurations,
prior sensitivity analysis, and different data-generating mechanisms to further evaluate the
robustness of both estimation methods.

The simulation results suggest that Bayesian estimation provides more stable parameter
recovery under small sample conditions, which is particularly relevant for district-level poverty
modeling where data availability is often limited. This has important implications for policy
evaluation, as more stable estimates allow for more reliable identification of high-poverty regions
and improve the robustness of targeted intervention strategies.
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4. Conclusion

Based on the results of this study, it can be concluded that Bayesian binary logistic regression
provides a robust framework for modeling poverty status, defined as whether districts/cities fall
above or below the provincial average. The results indicate that the Human Development Index
(HDI), Life Expectancy, and Gini Ratio significantly influence poverty status, while the Open
Unemployment Rate is not statistically significant.

Furthermore, although parameter estimates obtained from classical likelihood and Bayesian
approaches are relatively similar, the simulation study demonstrates that the Bayesian method
performs better in small sample conditions, as indicated by lower bias and mean squared error
(MSE), reflecting more stable and reliable estimates.

This study has several limitations, including the relatively small sample size, the use of
empirical priors derived from the same dataset, and the dichotomization of the response variable,
which may lead to information loss. Future research is recommended to explore alternative prior
specifications, incorporate spatial dependence, and extend the modeling framework to account
for temporal dynamics. These extensions are expected to provide more comprehensive insights
for poverty-related policy formulation.
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