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Article History: 
The Central Statistics Agency (BPS) reported that the percentage of poor people in 

Indonesia increased from 2019 to 2021, reaching 10.14 percent. This condition highlights 
the need for an analytical approach capable of accurately modeling percentage data that 

are naturally bounded between 0 and 1. This study introduces a new approach by applying 

the Beta regression model to analyze the factors influencing poverty levels across 

Indonesian provinces. The novelty of this research lies in the application of the Beta 
regression model to panel data on poverty, which remains rarely explored in empirical 

studies on Indonesia’s socio-economic indicators. The model was chosen because it 

provides more efficient and unbiased parameter estimates than the ordinary least squares 

(OLS) method, especially when the dependent variable exhibits asymmetry and 
heteroskedasticity. Parameter estimation was conducted using the Maximum Likelihood 

Estimation (MLE) method with the Newton–Raphson iterative algorithm to ensure 

convergence and estimation efficiency. The data used in this study are provincial-level 

poverty data sourced from official publications by the BPS. The analysis results indicate 
that the model meets the model suitability criteria for 2019 and 2020. Factors that 

significantly influenced the percentage of poor people in both years included the percentage 

of the population with health insurance and the literacy rate. Meanwhile, in 2021 and 2022, 

factors that significantly influenced the percentage of the poor population included the 
average years of schooling, the percentage of the population with health insurance, and the 

literacy rate. This study contributes to the field of applied statistics by demonstrating that 

the Beta regression model offers a novel and robust alternative for analyzing bounded and 

asymmetric socio-economic data. Furthermore, it provides new empirical insights into the 
statistical modeling of poverty in Indonesia, offering a methodological advancement over 

traditional regression approaches. 
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1. INTRODUCTION 

Indonesia is an archipelagic country that is rich in natural resources. Natural wealth that is utilized well 

will certainly make this country even better. However, as a developing country, Indonesia still has several 

social, cultural, and economic challenges that require serious attention. One of the main problems that 

continues to be faced is poverty [1]. Statistics Indonesia shows that the percentage of poor people in Indonesia 

has increased from 2019 to 2021, reaching 10.14 percent in 2021. The problem of poverty remains a focus 

that needs to be addressed further [2]. The emergence of poverty problems is caused by some residents who 

have not yet achieved an adequate level of welfare to improve their quality of life [3].  

The high poverty level cannot be separated from the many factors that influence it. According to [4], 

the causes of poverty can come from individual characteristics and household characteristics, which are 

grouped into three categories, namely demographic categories, economic categories, and social categories. 

The poverty level of a region can be seen from the proportion of poor people, with a high percentage of poor 

people reflecting a high level of poverty in that region. The percentage of poor people is those living below 

the poverty line. 

This study uses data from 2019–2022 because that period coincided with the COVID-19 pandemic, 

which significantly impacted the social and economic conditions of Indonesians. The focus of this study is 

not on long-term trends, but rather on the impact of the pandemic on poverty and its contributing factors in 

the short term. Furthermore, it should be emphasized that although the poverty rate decreased after the 

pandemic, the presence of people still living below the poverty line remains a critical issue that requires 

ongoing attention. Research on poverty conducted by [5] shows that the percentage of poor people is 

influenced by factors such as literacy rate, number of workers in the agricultural sector, economic growth, 

unemployment rate, and School Enrollment Rate. Further research conducted by [6] found that the factors 

that influence poverty are the human development index and the unemployment rate. 

One of the most widely used methods to determine the factors that influence the percentage of poor 

people is the classical regression method. However, in some studies, the use of classical regression models 

cannot always be applied perfectly, because classical regression is not suitable for estimating data in the form 

of proportions. Proportion data, such as poverty rates, are naturally bounded between 0 and 1, and often 

exhibit asymmetric distributions and non-constant variance (heteroskedasticity). These characteristics violate 

the basic assumptions of the ordinary least squares (OLS) method, which assumes normally distributed and 

homoscedastic residuals. To overcome these limitations, one appropriate approach is to use the Beta 

regression model [7]. The Beta regression model is specifically designed to handle dependent variables that 

follow a Beta distribution, which is inherently flexible and capable of modeling data with various shapes-

symmetric, right-skewed, or left-skewed-within the (0,1) interval [8]. This makes the Beta regression model 

a powerful alternative that provides more accurate and efficient parameter estimates compared to classical 

regression, especially for analyzing proportion data such as the percentage of poor people. 

Previous research on the application of the Beta regression model has demonstrated its effectiveness 

in analyzing proportion data. For example, research conducted by [8] found that the cumulative grade point 

average (GPA) influences student graduation rates, while research by [9], using district/city-level neonatal 

mortality rate data in West Java Province in 2020, showed that low birth weight was a significant factor 

influencing the proportion of neonatal deaths. Both studies demonstrate that the Beta regression model is 

particularly suitable for use when the dependent variable is a proportion or percentage with a value between 

0 and 1, as in this situation, the normality assumption of the classical linear regression model is not met. 

Theoretically, the Beta regression model is developed based on the Beta distribution, which has a 

probability density function: 𝑓(𝑥; 𝛼, 𝛽) =
Γ(𝛼+𝛽)

Γ(𝑎)Γ(𝛽)
𝑥𝛼−1(1 − 𝑥)𝛽−1,    0 < 𝑥 < 1. With 𝛼 > 0 and 𝛽 > 0 as 

shape parameters that control the skewness and kurtosis of the distribution [10]. This distribution is very 

flexible because it can represent various data distribution shapes, whether symmetrical, right-skewed, or left-

skewed, making it suitable for modeling proportion data that is not always normally distributed. The Beta 

regression model is generally expressed as: 𝑔(𝜇𝑖) = 𝒙𝒊
′𝜷. Where 𝝁𝒊 = 𝑬(𝒀𝒊) is the expected value of the 

dependent variable 𝒀𝒊, 𝑿𝒊 is the vector of covariates, and 𝛽 is the regression parameter estimated using the 

Maximum Likelihood Estimation (MLE) method. The link function 𝒈(⋅) that is often used is logit, probit, or 

cloglog, depending on the characteristics of the data being analyzed [11]. Thus, Beta regression allows 

researchers to explain the relationship between explanatory variables and the dependent variable in the form 
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of proportions more accurately than classical linear models, especially when there is heteroscedasticity or 

asymmetric data distribution. 

Parameter estimation in Beta regression in this study used the maximum likelihood method with an 

iterative approach, namely Newton-Raphson iteration. Because the data analyzed were the percentage of the 

poor population, Beta regression was chosen due to its superior and more precise parameter estimation 

capabilities compared to classical regression methods. Beta regression is designed to handle situations where 

the dependent variable is proportionate and follows a Beta distribution. This model provides more accurate 

and efficient parameter estimation, especially when the data exhibits symptoms of an asymmetric distribution 

or heteroscedasticity. Therefore, the application of Beta regression in this study is very appropriate, because 

it aims to determine the factors that influence the poverty rate in Indonesia, which is measured in percentage 

form. 

The novelty of this research lies in the application of the Beta regression model to analyze provincial-

level poverty data, a practice rarely employed in previous studies. Most previous studies tend to use linear 

regression or other classical regression models, even though percentage data that do not meet the assumptions 

of normal distribution or homogeneity of variance require a more appropriate approach. Furthermore, this 

research also provides an empirical contribution by identifying specific factors that significantly influence 

poverty across different periods (2019–2022), such as the human development index, average years of 

schooling, literacy rate, and health insurance coverage. 

2. RESEARCH METHODS 

2.1. Regression Analysis  

Regression analysis is a statistical method used to describe, measure, and analyze the functional 

relationship between one or more independent variables and a dependent variable. According to [12], 

regression analysis is used not only to determine the direction and strength of the relationship between 

variables but also to build predictive models that can be used in data-driven decision-making. Therefore, 

regression analysis plays a crucial role in understanding the patterns of relationships between quantitative 

phenomena. Meanwhile, [13] explains that regression analysis is one of the most widely used statistical 

analysis techniques in empirical research due to its ability to explain the causal relationship between several 

independent variables and a dependent variable. Through parameter estimation and significance testing, 

regression analysis can be used to assess the relative influence of each independent variable, thus helping 

researchers identify the most dominant factors in explaining variation in the dependent variable. Therefore, 

regression analysis is a key tool in various fields such as economics, social sciences, and other applied 

sciences, as it can provide a quantitative picture of complex inter-variable relationships.  

2.2 Beta Distribution 

Beta distribution is one of the continuous probability distributions limited to the range (0,1). This 

distribution is determined by two positive parameters, symbolized as 𝛼 and 𝛽, and functions as an exponent 

of the random variable that forms the characteristics of the Beta distribution. The following Eq. (1) is the 

equation that describes the probability density function of the Beta distribution: 

𝑓(𝑥; 𝛼, 𝛽) =
1

𝐵(𝛼, 𝛽)
𝑥𝛼−1(1 − 𝑥)𝛽−1,    0 < 𝑥 < 1 (1) 

In the Beta distribution, determining the expected values of 𝑋 and 𝑋2 will be easier if we first determine 

the 𝑘-th moment around the center point. Because the Beta distribution is continuous, the expected value uses 

an integral. Here are the 𝑘-th moments around the center point of the Beta distribution with 𝑘 = 1, 2, 3,…: 

 𝐸(𝑋𝑘) = ∫ 𝑥𝑘𝑓(𝑥) 𝑑𝑥 = ∫ 𝑥𝑘
1

𝐵(𝛼, 𝛽)
𝑥𝛼−1(1 − 𝑥)𝛽−1 𝑑𝑥

1

0

∞

−∞

 

=
1

𝐵(𝛼, 𝛽)
∫ 𝑥𝑘+𝛼−1(1 − 𝑥)𝛽−1 𝑑𝑥

1

0
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=
1

𝐵(𝛼, 𝛽)
𝐵((𝑘 + 𝛼), 𝛽) =

1

𝛤(𝛼) 𝛤(𝛽)
𝛤(𝛼 + 𝛽)

∙
𝛤(𝑘 + 𝛼)𝛤(𝛽)

𝛤((𝑘 + 𝛼) + 𝛽)
=

𝛤(𝛼 + 𝛽)𝛤(𝑘 + 𝛼)

𝛤(𝛼) 𝛤(𝑘 + 𝛼 + 𝛽)
, (2)

 

thus, to search 𝜇 = 𝐸(𝑋) can be used Eq. (2) with 𝑘 = 1, 

𝐸(𝑋) =
Γ(𝛼 + 𝛽)Γ(1 + 𝛼)

Γ(𝛼) Γ(1 + 𝛼 + 𝛽)
=

𝛼

𝛼 + 𝛽
, (3) 

for 𝑋2 with 𝑘 = 2, 

𝐸(𝑋2) =
Γ(𝛼 + 𝛽)Γ(2 + 𝛼)

Γ(𝛼) Γ(2 + 𝛼 + 𝛽)
=

𝛼(𝛼 + 1)

(𝛼 + 𝛽) (𝛼 + 𝛽 + 1)
. 

Thus, 𝑉𝑎𝑟(𝑋) can be obtained as follows: 

𝑉𝑎𝑟(𝑋) = 𝐸 [(𝑋 − 𝐸(𝑋))
2
] = 𝐸(𝑋2) − (𝐸(𝑋))

2
=

𝛼(𝛼 + 1)

(𝛼 + 𝛽)(𝛼 + 𝛽 + 1)
− (

𝛼

𝛼 + 𝛽
)
2

 

=
1

𝛼 + 𝛽
(

𝛼2 + 𝛼

𝛼 + 𝛽 + 1
−

𝛼2

𝛼 + 𝛽
) =

𝛼𝛽

(𝛼 + 𝛽 + 1)(𝛼 + 𝛽)2 . (4) 

2.3 Beta Regression Model 

 The Beta distribution probability density function can be seen in Eq. (1), with parameters 𝛼 and 𝛽. 

However, in modeling, it is often useful to model the average of the dependent variable. Additionally, it is 

important to define the model in such a way that it contains a dispersion parameter. To form a Beta regression 

model involving the average of the dependent variable along with the dispersion parameter, 

reparameterization of the probability density function of the Beta distribution is required. For example, 

𝜇 =
𝛼

𝛼+𝛽
 and 𝜅 = 𝛼 + 𝛽. Thus, it is found that 𝛼 = 𝜇𝜅 and 𝛽 = (1 − 𝜇)𝜅. Based on Eqs. (3) and (4) then: 

𝐸(𝑋) = 𝜇, and 𝑉𝑎𝑟(𝑋) =
𝜇(1 − 𝜇)

𝜅 + 1
. 

It is known that 𝜇 is the average of the dependent variable and 𝜅 is the precision parameter. This means that 

for a certain 𝜇, a larger value of 𝜅 will make the variance for the dependent variable smaller. 

After going through the reparameterization process, the function involving the independent variable 𝑋 and 

following the Beta distribution can be formulated as follows: 

𝑓(𝑦𝑖; 𝜇, 𝜅) =
Γ(𝜅)

Γ(𝜇𝑖𝜅)Γ((1 − 𝜇𝑖)𝜅)
𝑦𝑖

𝜇𝑖𝜅−1(1 − 𝑦𝑖)
(1−𝜇𝑖)𝜅−1,    0 < 𝑦 < 1. (5) 

This parameterization statement indicates that 0 < 𝜇 < 1 and 𝜅 > 1, and it can also be concluded that 

𝛼 = 𝜇𝜅 > 0 and 𝛽 = 𝜅(1 − 𝜇) > 0. Thus, the Beta regression model allows researchers to link the expected 

value (𝜇𝑖) of the dependent variable with the independent variables (𝑥𝑖) through a link function such as logit 

or probit, so that the mathematical relationship can be expressed as: 

𝑔(𝜇𝑖) = 𝒙𝒊
′𝜷. 

This formulation makes Beta regression a powerful approach for analyzing proportion data with non-constant 

variance (heteroscedasticity) or asymmetric distributions, which are often beyond the reach of classical linear 

regression. 

2.3.1 Establishment of a Beta Regression Model 

In forming the Beta regression model, a general linear model approach involving two link functions 

was used. The first function is for the location parameter 𝜇, while the other function is used for the dispersion 

parameter 𝜅. According to [14], these two functions are smooth, non-linear, and monotonous, mapping from 

an infinite linear free space into a sample space constrained to the interval (0,1). Suppose 𝑿 and 𝑾 are 

covariate matrices, with each matrix having the 𝑖-th row vector, namely 𝒙𝑖 and 𝒘𝑖. Let also suppose that 𝜷 

and 𝜹 are each a vector of Beta regression coefficients. The general linear model for location parameters is: 

𝑔(𝜇𝑖) = 𝒙𝑖
𝑇𝜷, 𝑖 = 1, 2, … , 𝑛 , 
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where g(⋅) is a monotone function, namely a link function that has derivatives. The following is a general 

form that shows the correlation between the average value and the variance [14]: 

𝜎𝑖
2 = 𝑣(𝜇𝑖)𝑢(𝜅𝑖), 

where 𝑣 and 𝑢 are functions that have no negative value. The precision parameter 𝜅𝑖 is assumed to be of a 

form that can be modeled as [14]: 

ℎ(𝜅𝑖) = 𝒘𝒊𝜹. 

According to [15], the likelihood function for 𝜷 when 𝛿 is constant will define the location submodel. 

On the other hand, if 𝛽 is considered constant, then the likelihood function for 𝜹 will form a dispersion 

submodel.  

This research uses the logit link function because it can map 𝜇 ∈ (0,1) into a sample space that matches 

its distribution. Furthermore, the precision parameter 𝜅 is positive because the variance cannot have a 

negative value. The log link function that satisfies these properties is: 

𝑙𝑜𝑔(𝜅𝑖) = −𝒘𝑖𝛿. 

2.3.2 Parameter Estimation 

 Suppose 𝑥1, … , 𝑥𝑛 are independent random variables, known for each 𝑖 = 1, … , 𝑛, 𝑥𝑖 following the 

distribution defined in Eq. (5) with mean 𝜇𝑖 and an unknown dispersion parameter 𝜅 which can be formulated 

as follows: 

𝑔(𝜇𝑖) = 𝒙𝑖
𝑇𝜷 = ∑ 𝑥𝑖𝑗𝛽𝑗 = 𝜂𝑖, 𝑖 = 1, 2,… , 𝑛

𝑞

𝑗=0

, (6) 

with 𝜷 = (𝛽0, 𝛽1, . . . , 𝛽𝑞) is a vector of regression parameters, and 𝑥𝑖0 , 𝑥𝑖1, . . . ,  𝑥𝑖𝑞  are observation data on 

𝑞 covariates, with 𝑥𝑖0 = 1. The variance of the dependent variable 𝑦 is a function of 𝜇𝑖. Thus, it also depends 

on the value of the covariate [16]. 

 The average parameter limits lie in the open interval (0,1). Therefore, there is a need for a link function 

that can map parameters from intervals into real number space. The logit link function has a role as a canonical 

link function, which will produce parameter estimates in the form of log odds ratios. The following is the 

definition of the logit link function 𝑔(𝜇𝑖): 

𝑔(𝜇𝑖) = 𝑙𝑜𝑔𝑖𝑡(𝜇𝑖) = 𝑙𝑛 (
𝜇𝑖

1 − 𝜇𝑖
) = 𝒙𝑖

𝑇𝜷 = 𝜇𝑖 =
𝑒𝑥𝑝(𝒙𝑖

𝑇𝜷)

1 + 𝑒𝑥𝑝(𝒙𝑖
𝑇𝜷)

. (7) 

For 𝑦𝑖~𝐵(𝜇𝑖, 𝜅), the density function 𝑦𝑖 has a Beta distribution defined as follows: 

𝑓(𝑦𝑖; 𝜷, 𝜅) =
Γ(𝜅)

Γ(𝒙𝑖
𝑇𝜷𝜅)Γ ((1 − 𝒙𝑖

𝑇𝜷)𝜅)
𝑦𝑖

𝒙𝑖
𝑇𝜷𝜅−1(1 − 𝑦𝑖)

(1−𝒙𝑖
𝑇𝜷)𝜅−1. (8) 

The following is the likelihood function of the density function 𝑦𝑖 in Eq. (8): 

𝐿(𝛽, 𝜅) = ∏𝑓(𝑦𝑖; 𝜷, 𝜅)

𝑛

𝑖=1

= ∏[
Γ(𝜅)

Γ(𝒙𝑖
𝑇𝜷𝜅)Γ ((1 − 𝒙𝑖

𝑇𝜷)𝜅)
]

𝑛

𝑖=1

(∏𝑦𝑖
𝒙𝑖
𝑇𝜷𝜅−1

𝑛

𝑖=1

)(∏(1 − 𝑦𝑖)
(1−𝒙𝑖

𝑇𝜷)𝜅−1

𝑛

𝑖=1

). 

Thus, the log-likelihood function obtained from the likelihood function is as follows: 

ln 𝐿 (𝜷, 𝜅) = ∑ln𝑓(𝑦𝑖; 𝜷, 𝜅)

𝑛

𝑖=1

 

= ∑ln [Γ(𝜅) (Γ(𝒙𝑖
𝑇𝜷𝜅))

−1
(Γ ((1 − 𝒙𝑖

𝑇𝜷)𝜅))
−1

]

𝑛

𝑖=1

+ ∑(𝒙𝑖
𝑇𝜷𝜅 − 1) 𝑙𝑛 𝑦𝑖

𝑛

𝑖=1

+ ∑((1 − 𝒙𝑖
𝑇𝜷)𝜅 − 1)

𝑛

𝑖=1

ln(1 − 𝑦𝑖). 
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Estimates for vectors 𝜷 and 𝜅 are obtained by calculating the derivative of the log-likelihood function with 

respect to the corresponding parameters: 

1. The log-likelihood function is derived against 𝛽𝑗 with 𝑗 = 0, 1, 2,… , 𝑞, then: 

𝜕

𝜕𝛽𝑗
ln 𝐿 (𝜷, 𝜅) − 𝜅̂ ∑ 𝑥𝑖𝑗

𝜕
𝜕𝛽𝑗

  Γ(𝒙𝑖
𝑇𝜷̂𝜅̂)

Γ(𝒙𝑖
𝑇𝜷̂𝜅̂)

+

𝑛

𝑖=1

𝜅̂ ∑𝑥𝑖𝑗

𝜕
𝜕𝛽𝑗

  Γ ((1 − 𝒙𝑖
𝑇𝜷̂)𝜅̂)

Γ ((1 − 𝒙𝑖
𝑇𝜷̂)𝜅̂)

𝑛

𝑖=1

 

+𝜅̂ ∑𝑥𝑖𝑗 ln 𝑦𝑖

𝑛

𝑖=1

− 𝜅̂ ∑𝑥𝑖𝑗 ln(1 − 𝑦𝑖)

𝑛

𝑖=1

= 0. (9) 

2. If the log-likelihood function is derived against 𝜅, then: 

𝑛

Γ(𝜅̂)
Γ′(𝜅̂) − ∑

𝜕
𝜕𝜅

  Γ(𝒙𝑖
𝑇𝜷̂𝜅̂)

Γ(𝒙𝑖
𝑇𝜷̂𝜅̂)

(𝒙𝑖
𝑇𝜷̂) −

𝑛

𝑖=1

∑

𝜕
𝜕𝜅

  Γ ((1 − 𝒙𝑖
𝑇𝜷̂)𝜅̂)

Γ ((1 − 𝒙𝑖
𝑇𝜷̂)𝜅̂)

(1 − 𝒙𝑖
𝑇𝜷̂)

𝑛

𝑖=1

 

+∑(𝒙𝑖
𝑇𝜷̂) ln 𝑦𝑖 +∑(1 − 𝒙𝑖

𝑇𝜷̂) ln(1 − 𝑦𝑖)

𝑛

𝑖=1

𝑛

𝑖=1

= 0. (10) 

 

An iterative approach using the Newton-Raphson iteration method is applied to find solutions of Eqs. (9) and 

(10). 

2.4 Newton-Raphson Method for Beta Regression Models 

The general formula for applying the Newton-Raphson method in the context of Beta model regression can 

be formulated as follows: 

𝒖(𝒊) =

(

 
 
 

𝛽̂0
(𝑖)

𝛽̂1
(𝑖)

⋮

𝛽̂𝑞
(𝑖)

𝜅̂(𝑖))

 
 
 

;  𝑓(𝒖(𝒊)) =

(

 
 
 
 
 
 
 

𝜕

𝜕𝛽0
  ln 𝐿 (𝜷, 𝜅)(𝑖)

𝜕

𝜕𝛽1
  ln 𝐿 (𝜷, 𝜅)(𝑖)

⋮
𝜕

𝜕𝛽𝑞
  ln 𝐿 (𝜷, 𝜅)(𝑖)

𝜕

𝜕𝜅
  ln 𝐿 (𝜷, 𝜅)(𝑖)

)

 
 
 
 
 
 
 

. 

It is known that 𝒖(𝑖) is a vector of estimated values at the i-th iteration for parameters 𝜷 and 𝜅, while 𝑓(𝒖(𝑖)) 

is a vector of scores, which is the result of the first derivative of the log-likelihood function for parameters 𝜷 

and 𝜅. The Hessian matrix is symbolized as 𝐻ln𝐿(𝜷,𝜅) a matrix whose elements come from the second 

derivative of the log-likelihood function with respect to the parameters 𝜷 and 𝜅, namely: 

𝐻ln𝐿(𝜷,𝜅) =

[
 
 
 
 
 
 
 
 
 
 

𝜕2

(𝜕𝛽0)2
  ln 𝐿 (𝜷, 𝜅)

𝜕2

𝜕𝛽0𝜕𝛽1
  ln 𝐿 (𝜷, 𝜅) ⋯

𝜕2

𝜕𝛽0𝜕𝛽𝑞
  ln 𝐿 (𝜷, 𝜅)

𝜕2

𝜕𝛽0𝜕𝜅
  ln 𝐿 (𝜷, 𝜅)

𝜕2

𝜕𝛽1𝜕𝛽0
  ln 𝐿 (𝜷, 𝜅)

𝜕2

(𝜕𝛽1)2
  ln 𝐿 (𝜷, 𝜅) ⋯

𝜕2

𝜕𝛽1𝜕𝛽𝑞
  ln 𝐿 (𝜷, 𝜅)

𝜕2

𝜕𝛽1𝜕𝜅
  ln 𝐿 (𝜷, 𝜅)

𝜕2

𝜕𝛽2𝜕𝛽0
  ln 𝐿 (𝜷, 𝜅)

⋮
𝜕2

𝜕𝛽𝑞𝜕𝛽0
  ln 𝐿 (𝜷, 𝜅)

𝜕2

𝜕𝜅𝜕𝛽0
  ln 𝐿 (𝜷, 𝜅)

𝜕2

𝜕𝛽2𝜕𝛽1
  ln 𝐿 (𝜷, 𝜅)

⋮
𝜕2

𝜕𝛽𝑞𝜕𝛽1
  ln 𝐿 (𝜷, 𝜅)

𝜕2

𝜕𝜅𝜕𝛽1
  ln 𝐿 (𝜷, 𝜅)

⋯
⋱
⋯
…

𝜕2

𝜕𝛽2𝜕𝛽𝑞
  ln 𝐿 (𝜷, 𝜅)

⋮
𝜕2

(𝜕𝛽𝑞)
2   ln 𝐿 (𝜷, 𝜅)

𝜕2

𝜕𝜅𝜕𝛽𝑞
  ln 𝐿 (𝜷, 𝜅)

𝜕2

𝜕𝛽2𝜕𝜅
  ln 𝐿 (𝜷, 𝜅)

⋮
𝜕2

𝜕𝛽𝑞𝜕𝜅
  ln 𝐿 (𝜷, 𝜅)

𝜕2

(𝜕𝜅)2
  ln 𝐿 (𝜷, 𝜅)

]
 
 
 
 
 
 
 
 
 
 

 . 
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The following are the values of each element of the Hessian matrix, written mathematically, the main diagonal 

elements with values 𝑠 = 0, 1,… , 𝑞 and 𝑟 = 0, 1,… , 𝑞 : 

1. 
𝜕2

𝜕𝛽𝑠𝜕𝛽𝑟
  ln 𝐿 (𝜷, 𝜅) = −𝑘2 ∑ (𝑥𝑖𝑠𝑥𝑖𝑟 [

𝜕2

𝜕𝛽𝑠𝜕𝛽𝑟
  Γ(𝒙𝑖

𝑇𝜷𝜅)

Γ(𝒙𝑖
𝑇𝜷𝜅)

−

𝜕

𝜕𝛽𝑟
  Γ(𝒙𝑖

𝑇𝜷𝜅)
𝜕

𝜕𝛽𝑠
  Γ(𝒙𝑖

𝑇𝜷𝜅)

(Γ(𝒙𝑖
𝑇𝜷𝜅))

2 ])𝑛
𝑖=1  

−𝑘2 ∑ (𝑥𝑖𝑠𝑥𝑖𝑟 [

𝜕2

𝜕𝛽𝑠𝜕𝛽𝑟
  Γ((1−𝒙𝑖

𝑇𝜷)𝜅)

Γ((1−𝒙𝑖
𝑇𝜷)𝜅)

−

𝜕

𝜕𝛽𝑟
  Γ((1−𝒙𝑖

𝑇𝜷)𝜅)
𝜕

𝜕𝛽𝑠
  Γ((1−𝒙𝑖

𝑇𝜷)𝜅)

[Γ((1−𝒙𝑖
𝑇𝜷)𝜅)]

2 ])𝑛
𝑖=1 .  

2.  
𝜕2

𝜕𝛽𝑠𝜕𝜅
  ln 𝐿 (𝜷, 𝜅) =

𝜕

𝜕𝛽𝑠
  [

𝜕

𝜕𝛽𝑘
ln 𝐿 (𝜷, 𝜅)] 

= −∑ 𝑥𝑖𝑠 (
𝜕

𝜕𝜅
  Γ(𝒙𝑖

𝑇𝜷𝜅)

Γ(𝒙𝑖
𝑇𝜷𝜅)

+ (𝒙𝑖
𝑇𝜷𝜅) [

𝜕2

𝜕𝛽𝑠𝜕𝜅
  Γ(𝒙𝑖

𝑇𝜷𝜅)

Γ(𝒙𝑖
𝑇𝜷𝜅)

−

𝜕

𝜕𝛽𝑟
  Γ(𝒙𝑖

𝑇𝜷𝜅)
𝜕

𝜕𝛽𝑠
  Γ(𝒙𝑖

𝑇𝜷𝜅)

(Γ(𝒙𝑖
𝑇𝜷𝜅))

2 ])𝑛
𝑖=1   

+∑ 𝑥𝑖𝑠 (
𝜕

𝜕𝜅
  Γ(1−𝒙𝑖

𝑇𝜷)𝜅

Γ(1−𝒙𝑖
𝑇𝜷)𝜅

+ (1 − 𝒙𝑖
𝑇𝜷)𝜅 [

𝜕2

𝜕𝛽𝑠𝜕𝛽𝑟
  Γ((1−𝒙𝑖

𝑇𝜷)𝜅)

Γ((1−𝒙𝑖
𝑇𝜷)𝜅)

−

𝜕

𝜕𝛽𝑟
  Γ((1−𝒙𝑖

𝑇𝜷)𝜅)
𝜕

𝜕𝛽𝑠
  Γ((1−𝒙𝑖

𝑇𝜷)𝜅)

[Γ((1−𝒙𝑖
𝑇𝜷)𝜅)]

2 ])𝑛
𝑖=1   

+∑ 𝑥𝑖𝑠 ln 𝑦𝑖
𝑛
𝑖=1 ∑ 𝑥𝑖𝑠 ln(1 − 𝑦𝑖)

𝑛
𝑖=1 .  

3.  
𝜕2

𝜕𝑘2   ln 𝐿 (𝜷, 𝜅) =
𝜕

𝜕𝛽𝑘
  [

𝜕

𝜕𝛽𝑘
ln 𝐿 (𝜷, 𝜅)] 

= 𝑛 [
Γ(𝜅)

′′

Γ(𝜅)
− (

Γ(𝜅)
′

Γ(𝜅)
)
2

] − ∑ (𝒙𝑖
𝑇𝜷)

2
(

𝜕2

𝜕2𝜅2  Γ(𝒙𝑖
𝑇𝜷𝜅)

Γ(𝒙𝑖
𝑇𝜷𝜅)

− (
𝜕

𝜕𝜅
  Γ(𝒙𝑖

𝑇𝜷𝜅)

Γ(𝒙𝑖
𝑇𝜷𝜅)

)

2

)𝑛
𝑖=1   

− ∑ (𝒙𝑖
𝑇𝜷)

2
(

𝜕2

𝜕2𝜅2  Γ(1−𝒙𝑖
𝑇𝜷)𝜅

Γ(1−𝒙𝑖
𝑇𝜷)𝜅

− (
𝜕

𝜕𝜅
  Γ(1−𝒙𝑖

𝑇𝜷)𝜅

Γ(1−𝒙𝑖
𝑇𝜷)𝜅

)

2

)𝑛
𝑖=1 .  

Noted that 𝜓(𝑢) =
𝑑

𝑑𝑢
ln Γ(𝑢) =

𝜕

𝜕𝑢
Γ(𝑢)

Γ(𝑢)
 is the digamma function, and 𝜓′(𝑢) =

𝑑

𝑑𝑢
𝜓(𝑢) is the trigamma 

function. For example, 𝑢 = 𝒙𝑖
𝑇𝜷𝜅 and 𝑣 = (1 − 𝒙𝑖

𝑇𝜷)𝜅, then: 

1. 

𝜕

𝜕𝛽𝑞
Γ(𝒙𝑖

𝑇𝜷𝜅)

Γ(𝒙𝑖
𝑇𝜷𝜅)

= 𝜓(𝒙𝑖
𝑇𝜷𝜅)(𝑥𝑖𝑞𝜅). 

2. 

𝜕

𝜕𝜅
Γ(𝒙𝑖

𝑇𝜷𝜅)

Γ(𝒙𝑖
𝑇𝜷𝜅)

= 𝜓(𝒙𝑖
𝑇𝜷𝜅)(𝒙𝑖

𝑇𝜷). 

3. 

𝜕

𝜕𝛽𝑞
Γ((1−𝒙𝑖

𝑇𝜷)𝜅)

Γ((1−𝒙𝑖
𝑇𝜷)𝜅)

= 𝜓((1 − 𝒙𝑖
𝑇𝜷)𝜅) (−𝑥𝑖𝑞𝜅). 

So, Eqs. (9) and (10) can be written as follows: 

𝜕

𝜕𝛽𝑞
  ln 𝐿 (𝜷, 𝜅) = 0 ⟺ −𝜅̂2 ∑𝜓(𝒙𝑖

𝑇𝜷̂𝜅̂)(𝑥𝑖𝑞)
2
− 𝜅̂2 ∑𝜓 ((1 − 𝒙𝑖

𝑇𝜷̂)𝜅̂) (𝑥𝑖𝑞)
2

𝑛

𝑖=1

𝑛

𝑖=1

 

+𝜅̂ ∑𝑥𝑖𝑞 ln 𝑦𝑖

𝑛

𝑖=1

− 𝜅̂ ∑𝑥𝑖𝑞 ln(1 − 𝑦𝑖)

𝑛

𝑖=1

= 0, 

and 

𝜕

𝜕𝜅
 ln 𝐿 (𝜷, 𝜅) = 0 ⟺ 𝑛𝜓(𝜅̂) − ∑𝜓(𝒙𝑖

𝑇𝜷̂𝜅̂)(𝒙𝑖
𝑇𝜷̂)

2
−

𝑛

𝑖=1

∑𝜓 ((1 − 𝒙𝑖
𝑇𝜷̂)𝜅̂) (1 − 𝒙𝑖

𝑇𝜷̂)
2

𝑛

𝑖=1

 

+∑(𝒙𝑖
𝑇𝜷̂) ln 𝑦𝑖 + ∑(1 − 𝒙𝑖

𝑇𝜷̂) ln(1 − 𝑦𝑖)

𝑛

𝑖=1

𝑛

𝑖=1

= 0. 
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Therefore, the new elements of the Hessian matrix can be written as follows: 

1. 
𝜕2

𝜕𝛽𝑠𝜕𝛽𝑟
  ln 𝐿 (𝜷, 𝜅) =

𝜕

𝜕𝛽𝑠
[

𝜕

𝜕𝛽𝑟
ln 𝐿 (𝜷, 𝜅)] 

= −𝜅3 ∑𝜓′(𝒙𝑖
𝑇𝜷𝜅)(𝑥𝑖𝑠)(𝑥𝑖𝑟)

2 − 𝜅3 ∑𝜓′ ((1 − 𝒙𝑖
𝑇𝜷)𝜅) (−𝑥𝑖𝑠)(𝑥𝑖𝑞)

2
𝑛

𝑖=1

𝑛

𝑖=1

. 

2. 
𝜕2

𝜕𝛽𝑠𝜕𝜅
ln 𝐿 (𝜷, 𝜅) =

𝜕

𝜕𝛽𝑠
[

𝜕

𝜕𝜅
ln 𝐿 (𝜷, 𝜅)] 

= − ∑ [𝜓′(𝒙𝑖
𝑇𝜷𝜅)(𝑥𝑖𝑠)(𝒙𝑖

𝑇𝜷)
2
+ 𝜓(𝒙𝑖

𝑇𝜷𝜅)2(𝒙𝑖
𝑇𝜷)(𝑥𝑖𝑠)]

𝑛
𝑖=1   

− ∑ [𝜓′ ((1 − 𝒙𝑖
𝑇𝜷)𝜅) (−𝑥𝑖𝑠)(1 − 𝒙𝑖

𝑇𝜷)
2
+ 𝜓 ((1 − 𝒙𝑖

𝑇𝜷)𝜅) 2 ((1 − 𝒙𝑖
𝑇𝜷)𝜅) (−𝑥𝑖𝑠)]

𝑛
𝑖=1   

+ ∑ (𝑥𝑖𝑠) ln 𝑦𝑖 − ∑ (−𝑥𝑖𝑠) ln(1 − 𝑦𝑖)
𝑛
𝑖=1

𝑛
𝑖=1 .  

3.  
𝜕2

(𝜕𝜅)2
  ln 𝐿 (𝜷, 𝜅) =

𝜕

𝜕𝜅
[

𝜕

𝜕𝜅
ln 𝐿 (𝜷, 𝜅)] 

= 𝑛𝜓′(𝜅) − ∑ 𝜓′(𝒙𝑖
𝑇𝜷𝜅)(𝒙𝑖

𝑇𝜷)
3
−𝑛

𝑖=1 ∑ 𝜓′ ((1 − 𝒙𝑖
𝑇𝜷)𝜅) (1 − 𝒙𝑖

𝑇𝜷)
3𝑛

𝑖=1 .  

Thus, the general formula used in the Newton-Raphson Method for the Beta regression model case is as 

follows: 

(

 
 
 

𝛽̂0
(𝑖+1)

𝛽̂1
(𝑖+1)

⋮

𝛽̂𝑞
(𝑖+1)

𝜅̂(𝑖+1))

 
 
 

= 

(

 
 
 

𝛽̂0
(𝑖)

𝛽̂1
(𝑖)

⋮

𝛽̂𝑞
(𝑖)

𝜅̂(𝑖))

 
 
 

− 𝐻ln𝐿(𝑥(𝑖))
−1

(

 
 
 
 
 

𝜕

𝜕𝛽0
  ln 𝐿 (𝜷, 𝜅)(𝑖)

𝜕

𝜕𝛽1
  ln 𝐿 (𝜷, 𝜅)(𝑖)

⋮
𝜕

𝜕𝛽𝑞
  ln 𝐿 (𝜷, 𝜅)(𝑖)

𝜕

𝜕𝜅
  ln 𝐿 (𝜷, 𝜅)(𝑖)

)

 
 
 
 
 

, with 

(

 
 
 
 
 

𝜕

𝜕𝛽0
  ln 𝐿 (𝜷, 𝜅)(𝑖)

𝜕

𝜕𝛽1
  ln 𝐿 (𝜷, 𝜅)(𝑖)

⋮
𝜕

𝜕𝛽𝑞
  ln 𝐿 (𝜷, 𝜅)(𝑖)

𝜕

𝜕𝜅
  ln 𝐿 (𝜷, 𝜅)(𝑖)

)

 
 
 
 
 

 

are as follows: 

=

(

 
 
 
 
 
 
 
 
 
 
 −𝜅2 ∑𝜓(𝒙𝑖

𝑇𝜷𝜅)(𝑥𝑖0)
2 − 𝜅2 ∑𝜓((1 − 𝒙𝑖

𝑇𝜷)𝜅)(𝑥𝑖0)
2 +

𝑛

𝑖=1

𝑛

𝑖=1

(𝜅𝑥𝑖0)∑ ln𝑦𝑖 − (𝜅𝑥𝑖0)∑ ln(1 − 𝑦𝑖)

𝑛

𝑖=1

𝑛

𝑖=1

(𝑖)

−𝜅2 ∑𝜓(𝒙𝑖
𝑇𝜷𝜅)(𝑥𝑖1)

2 − 𝜅2 ∑𝜓((1 − 𝒙𝑖
𝑇𝜷)𝜅)(𝑥𝑖1)

2 +

𝑛

𝑖=1

𝑛

𝑖=1

(𝜅𝑥𝑖0)∑ ln𝑦𝑖 − (𝜅𝑥𝑖1)∑ ln(1 − 𝑦𝑖)

𝑛

𝑖=1

𝑛

𝑖=1

(𝑖)

⋮

−𝜅2 ∑𝜓(𝒙𝑖
𝑇𝜷𝜅)(𝑥𝑖𝑞)

2
− 𝜅2 ∑𝜓((1 − 𝒙𝑖

𝑇𝜷)𝜅)(𝑥𝑖𝑞)
2
+

𝑛

𝑖=1

𝑛

𝑖=1

(𝜅𝑥𝑖𝑞)∑ ln𝑦𝑖 − (𝜅𝑥𝑖𝑞)∑ln(1 − 𝑦𝑖)

𝑛

𝑖=1

𝑛

𝑖=1

(𝑖)

𝑛𝜓(𝜅) − ∑𝜓(𝒙𝑖
𝑇𝜷𝜅)(𝒙𝑖

𝑇𝜷)2 −

𝑛

𝑖=1

∑𝜓((1 − 𝒙𝑖
𝑇𝜷)𝜅)(1 − 𝒙𝑖

𝑇𝜷)2 + (𝒙𝑖
𝑇𝜷)∑ln𝑦𝑖 + (1 − 𝒙𝑖

𝑇𝜷)∑ln(1 − 𝑦𝑖)

𝑛

𝑖=1

𝑛

𝑖=1

𝑛

𝑖=1

(𝑖)

)

 
 
 
 
 
 
 
 
 
 
 

 

2.5 Parameter Testing 

The parameter significance test aims to evaluate whether the independent variable has a significant 

influence on the model. The simultaneous test in this study uses a partial likelihood ratio test. The test statistic 

in the simultaneous test is 𝐺 = −2[ln𝐿𝑅 − 𝑙𝑛 𝐿𝐹], it is known that 𝐿𝑅 = Likelihood of the reduced model 

and 𝐿𝐹 = Likelihood of the full model, with the rejection criteria, namely reject 𝐻0 if the 𝑝-𝑣𝑎𝑙𝑢𝑒 < 𝛼, 

meaning that there is at least one 𝛽𝑗 that is not equal to 0, while the partial test in this study uses a 𝑇 test with 

the test statistic used in the partial test is 𝑡 = (
𝛽̂𝑗

𝑆𝐸(𝛽̂𝑗)
), with the rejection criteria, namely, reject 𝐻0 if the 

 𝑝-𝑣𝑎𝑙𝑢𝑒 < 𝛼, meaning that variable 𝛽𝑗 does not affect the model for 𝑗 = 1,2,3, ⋯ , 𝑞. 
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2.6 Test Assumptions 

2.6.1 Normality Test 

Normality checks are carried out to determine whether the residuals from the model are normally 

distributed or not. According to [15], several causes of residuals not being normally distributed are the 

presence of outliers in the data and errors in collecting data. To overcome this problem, one way that can be 

done is to carry out transformations such as logarithms or square roots on the data. 

According to [17], there are several normality tests, namely the Jarque-Bera test, Kolmogorov-Smirnov 

test, Cramer-Von Mises test, Lilliefors test, Shapiro-Wilk test, Anderson-Darling test, D’Agostino-Pearson 

test, and Chi-Square test. Yap et al. [17]  conducted research comparing eight normality tests on seizure data 

using Monte Carlo simulation. The results obtained showed that the Shapiro-Wilk test was the best test for 

generated data. Therefore, normality testing in this study used the Shapiro-Wilk test. Although the comparative 

study [17] was conducted using Monte Carlo simulation data, the results remain relevant because such 

simulation approaches are commonly used to assess the reliability and efficiency of various statistical tests 

under various data conditions. The consistent superiority of the Shapiro-Wilk test across various simulation 

scenarios indicates that this test has good performance in general, including when applied to empirical data. 

Data normality testing was performed using the Shapiro-Wilk test [18]. The hypotheses used were 

𝐻0: residuals are normally distributed and 𝐻1: The residuals are not normally distributed. The Shapiro-Wilk 

test statistic is calculated using the formula: 

𝑊 =
[∑ 𝑎𝑖(𝑥[𝑛−𝑖+1] − 𝑥[𝑖])

𝑘
𝑖=1 ]

2

∑ (𝑥𝑖 − 𝑥̅)2𝑛
𝑖=1

 

The symbol 𝑥𝑖 represents the value of the 𝑖-th observation of the sample data, while 𝑥̅ is the average of 

the entire sample. The notations 𝑥[𝑖] and 𝑥[𝑛−𝑖+1] each represents the data values that have been sorted from 

smallest to largest, namely order statistics, with 𝑥[1] being the smallest value and 𝑥[𝑛] the largest value. 

Furthermore, 𝑎𝑖 is the coefficient obtained based on the expected value and covariance of the order statistics 

of the standard normal distribution, which have been tabulated or calculated previously. The rejection region 

is determined based on the 𝑝-𝑣𝑎𝑙𝑢𝑒. If the 𝑝-𝑣𝑎𝑙𝑢𝑒 <  𝛼, then 𝐻0 is rejected, meaning the residuals are not 

normally distributed. If the 𝑝-𝑣𝑎𝑙𝑢𝑒 ≥  𝛼, then 𝐻0 is accepted, meaning the residuals are normally distributed. 

2.6.2 Multicollinearity Detection 

Multicollinearity is a condition in which two or more independent variables in a regression model are 

strongly correlated with each other, meaning that there is a strong linear relationship between these variables. 

This can cause problems in regression analysis, such as making coefficient estimates unstable or reducing the 

accuracy of model predictions [19]. According to [20], multicollinearity is caused by several factors, namely 

the implementation of data collection, limitations contained in the model, or differences in the sample 

population. 

Several ways to detect multicollinearity are: 

1. Correlation Analysis: The correlation coefficient between independent variables should be low (below 

0.8). If there is a strong relationship, it can cause multicollinearity problems [21]. 

2. Variance Inflation Factor (VIF): A value that describes the increase in variance of estimated parameters 

for all independent variables. If 𝑉𝐼𝐹 > 10, then multicollinearity occurs, whereas if 𝑉𝐼𝐹 < 10, then 

multicollinearity does not occur [19]. 

In this study, the VIF value was used to detect multicollinearity. The following is the VIF Eq. (11) [22]: 

𝑉𝐼𝐹𝑗 =
1

(1 − 𝑅𝑗
2)

(11) 

There are various ways to overcome multicollinearity, including: 

1. Increase the number of observations 

2. Remove independent variables that have a high correlation from the regression model 

3. Carry out variable transformations, which can be done using the natural logarithms (ln) with the following 

formula: 

𝑍∗ = ln(𝑍). 
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2.7 Selection of the Best Model 

2.7.1 Akaike Information Criterion (AIC) 

In this study, one criterion used to evaluate the performance of discrete time series data models is the 

Akaike Information Criterion (AIC) (Akaike, 1974). AIC is mathematically defined by the following formula: 

𝐴𝐼𝐶 = −2 ln(𝐿) + 2𝑘. (12) 

The variable 𝑘 represents the number of parameters estimated in the model, and 𝐿 is the maximum log-

likelihood value of the model. AIC balances model fit and model complexity. A lower AIC value indicates a 

better model, making AIC suitable for model selection. 

2.7.2 Bayesian Information Criterion (BIC) 

The model in this study also uses the Bayesian Information Criterion (BIC) as an indicator of model 

fit and complexity. The following formula mathematically defines the BIC: 

𝐵𝐼𝐶 = −2 ln(𝐿) + 𝑘 ln(𝑛) , (13) 

where 𝑛 is the sample size, 𝑘 is the number of estimated parameters, and 𝐿 remains the maximum log-

likelihood. The BIC also evaluates model fit. A lower BIC value indicates a more optimal model, especially 

for large data sets. 

2.8 Poverty Concept 

In general, there are two forms of economic conditions referred to as poverty, namely relative poverty 

and absolute poverty. Relative poverty refers to economic inequality, which is measured based on differences 

in income levels between groups of people with the lowest, middle, and highest incomes [23]. Absolute 

poverty refers to the application of the minimum standards necessary for a person to be able to adequately 

fulfill their basic life needs, including food and non-food needs. A person is considered to be poor if their 

average monthly per capita expenditure is below the poverty line [24]. 

2.8.1 Poverty Line 

The approach applied by Statistics Indonesia regarding the concept of the poverty line is [2]: 

1. The Poverty Line (PL) consists of a combination of the Food Poverty Line (FPL) and the Non-Food 

Poverty Line (NFPL). A person is considered a poor individual if their average monthly per capita 

expenditure is below the poverty line. 

2. FPL involves expenditure required to meet minimum food requirements, which is measured by a daily 

calorie intake of 2100 kilocalories per capita. The details of the basic food needs commodity package 

include 52 types of goods. 

3. NFPL refers to the minimum needs for housing, clothing, education, and health. The basic non-food goods 

package includes 51 types of goods in urban areas and 47 types of goods in rural areas. 

The following is the formula for calculating the poverty line [2]: 

𝑃𝐿 = 𝐹𝑃𝐿 + 𝑁𝐹𝑃𝐿. 

How to calculate PL: 

1. The first stage involves identifying a reference population group, consisting of 20 percent of the population 

who are above the Temporary Poverty Line (TPL). This group is specifically defined as marginal-class 

residents.  

2. FPL describes the total expenditure value for 52 basic food commodities consumed by the reference 

population, adjusted to the daily per capita standard of 2100 kilocalories. The basic formula used in 

calculating FPL is: 

𝐹𝑃𝐿𝑗 = ∑ 𝑃𝑗𝑘𝑄𝑗𝑘 = ∑ 𝑉𝑗𝑘
52
𝑘=1

52
𝑘=1 .  

Then, 𝐹𝑃𝐿𝑗  assess the balance with 2100 kilocalories by multiplying 2100 by the implicit average price 

of calories according to the region 𝑗 of the reference population, so that: 
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𝐻𝐾̅̅ ̅̅
𝑗 =

∑ 𝑉𝑗𝑘
52
𝑘=1

∑ 𝐾𝑗𝑘
52
𝑘=1

, 

𝐹𝑗 = 𝐻𝐾̅̅ ̅̅
𝑗 × 2100. 

3. NFPL is the total value of minimum needs for certain non-food commodities, including aspects such as 

housing, clothing, education, and health. Mathematically, the minimum non-food requirement value can 

be formulated as follows: 

𝑁𝐹𝑚 = ∑ 𝑟𝑖 × 𝑉𝑖
𝑛
𝑖=1 .  

2.8.2 Poverty Indicators 

Measuring absolute poverty using an income approach or the ability to meet basic needs from an expenditure 

perspective, produces three categories of poverty indicators, namely [2]: 

1. The percentage of the population living below the poverty line is usually referred to as the head-count 

index (𝑃0). 

2. The poverty gap index (𝑃1) which is a measure of the average difference between expenditure per poor 

individual and the poverty line. 

3. The poverty severity index (𝑃2) which provides information about the distribution of expenditure among 

the population in poor conditions.  

 The poverty level of a region can be seen from the proportion of poor people, with a high percentage 

of poor people reflecting a high level of poverty in that region. The percentage of poor people (Headcount 

Index/𝑃0) is those living below the poverty line [2]. 

2.9 Factors Affecting Poverty 

According to [4], the causes of poverty originate from household and individual characteristics. 

Table 1. Main Determinants of Poverty 

Characteristics Information 

Household 

Employment and income structure, wages/income, type of work 

Education of household members and the average level of health 

Ownership of assets such as houses, land, equipment, and production tools 

Household size/number of household members 

Dependency ratio 

Individual 

Education 

Employment Status 

Health Status 

Characteristics that influence poverty at the household and individual level can be grouped into three 

categories, namely economic, demographic, and social categories.  

1. Demographic Category 

a. Household structure and size 

According to [4], socio-economic survey data in Cambodia in the 1993-1994 period showed that 

households with an average of around 6.6 members tended to have high levels of poverty. 

b. Dependency ratio  

This ratio is a comparison between the number of people of non-productive age, such as children 

and the elderly, to the population of productive age. 

2. Economic Category 

a. Employment and Income 

The indicators analyzed include the number of household members working, duration of working 

time, type of work, wage/income level, and open unemployment rate. 

b. Ownership of assets such as land, agricultural land, living supplies, agricultural equipment, tools, 

house buildings, savings, and other financial assets.  
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3. Social Category 

a. The social category involves health aspects, such as nutritional status, infant mortality rate, level of 

morbidity, use of health services by households, ownership of Social Insurance Administration 

Organization, and life expectancy. 

b. Education is also a factor, including literacy level, average years of schooling, and availability and 

utilization of educational services (schools) by households.  

c. Housing aspects are also analyzed through indicators such as type of house, availability of clean 

water, access to communications, electricity, and level of environmental cleanliness. 

Based on the theory originating from [4], this research will focus on household and individual 

characteristics, especially in the economic and social categories, as factors that influence population poverty. 

The following is a picture of the conceptual framework for determining factors that influence poverty in this 

research. 

 
Figure 1. Research Conceptual Framework 

3. RESULTS AND DISCUSSION 

The type of data in this research is numerical data. Numerical data in this research are dependent 

variable data, such as the percentage of poor people (𝑌) and independent variables such as the unemployment 

rate (𝑈𝑅) (𝑋1), mean years of schooling (MYS) (𝑋2), percentage of the population who have health 

insurance (PPH) (𝑋3), life expectancy rate (LER) (𝑋4), literacy rate (LR) (𝑋5), percentage of households 

that use an improper drinking water source (IDW) (𝑋6). The research data source was taken from the 

publication of Statistics Indonesia. This research uses data from 2019-2022 per province in Indonesia, while 

the software used is R-Studio software. 

3.1 Beta Regression Parameter Estimation 

The parameter 𝛽𝑗 in the model is an unknown parameter, and its value will be estimated using the 

Newton-Raphson iteration method. The following are influencing factors for the percentage of poor people 

in Indonesia: 

Table 2. Beta Regression Model Parameter Estimation 
Year Variables 𝜷̂𝒋 Standard Error 𝒑-value 

2019 

Intercept 7.50 1.98 0.0002 

UR 5.73 4.99 0.2505 

MYS -0.05 0.12 0.6915 

PPH 1.58 0.53 0.0029 

LER -0.08 0.03 0.0047 

LR -3.76 1.84 0.0409 

IDW -0.73 0.78 0.3534 

2020 

Intercept 7.24 1.97 0.0002 

UR 5,93 4.95 0.2310 

MYS -0.01 0.13 0.9580 

PPH 1.34 0.53 0.0114 

Economic Category 

• Unemployment rate 

 

Social category 

• Mean years of schooling 

• Life expectancy rate 

• Literacy rate 

• Percentage of population who have health 

insurance 

• Percentage of households that use an improper 

drinking water source 

The percentage 

of poor people 
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LER -0.08 0.03 0.0127 

LR -4.68 1.87 0.0123 

IDW -0.38 0.82 0.6402 

2021 

Intercept 7.02 2.03 0.0005 

UR -3.69 5.51 0.5029 

MYS 0.09 0.13 0.5010 

PPH 0.85 0.57 0.1334 

LER -0.08 0.03 0.0081 

LR -4.71 1.95 0.0160 

IDW -0.10 0.93 0.9166 

2022 

Intercept 8.42 2.04 0.0000 

UR -2.58 5.83 0.6580 

MYS 0.07 0.12 0.5441 

PPH 0.97 0.52 0.0646 

LER -0.09 0.03 0.0038 

LR -5.62 2.01 0.0052 

IDW -0.11 0.95 0.9087 

Thus, the Beta regression model estimates for 2019-2022 are obtained as follows: 

Year 2019: 

𝑙𝑜𝑔 (
𝜇

1 − 𝜇
) = 7.50 + 5.73UR − 0.05MYS + 1.58PPH − 0.08LER − 3.76LR − 0.73IDW (14) 

Year 2020: 

𝑙𝑜𝑔 (
𝜇

1−𝜇
) = 7.24 + 5.93UR − 0.01MYS + 1.34PPH − 0.07LER − 4.68LR − 0.38IDW (15)

Year 2021:  

𝑙𝑜𝑔 (
𝜇

1−𝜇
) = 7.02 − 3.69UR + 0.09MYS + 0.85PPH − 0.07LER − 4.71LR − 0.10IDW (16)

Year 2022:  

𝑙𝑜𝑔 (
𝜇

1 − 𝜇
) = 8.42 − 2.58UR + 0.07MYS + 0.97PPH − 0.09LER − 5.62LR − 0.11IDW (17) 

3.2 Testing Beta Regression Model Assumptions 

3.2.1 Normality Test 

Normality checks are carried out to determine whether the residuals from the model are normally distributed 

or not.  

Table 3. Normality Test Results 

Year  𝑾 Value 𝒑-𝒗𝒂𝒍𝒖𝒆 Decision Conclusion 

2019 0.966 0.361 Accepted 𝐻0 Residues are normally distributed 

2020 0.966 0.371 Accepted 𝐻0 Residues are normally distributed 

2021 0.985 0.918 Accepted 𝐻0 Residues are normally distributed 

2022 0.985 0.905 Accepted 𝐻0 Residues are normally distributed 

Table 3 shows that the data from 2019 to 2022 have 𝑝-𝑣𝑎𝑙𝑢𝑒 ≥ 𝛼 = 0.05, meaning that all residuals in the 

data are normally distributed. 

3.2.2 Multicollinearity Detection 

Multicollinearity is a condition in which two or more independent variables in a regression model are 

strongly correlated with each other, meaning that there is a strong linear relationship between these variables. 

The regression model is considered good if there is no multicollinearity. 
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Table 4. Multicollinearity Detection Results 

Year Variables VIF Value  

2019 

UR 1.584 

MYS 2.979 

PPH 1.263 

LER 1.448 

LR 2.380 

IDW 1.678 

2020 

UR 1.429 

MYS 3.007 

PPH 1.201 

LER 1.516 

LR 2.398 

IDW 1.654 

2021 

UR 1.936 

MYS 3.220 

PPH 1.290 

LER 1.391 

LR 2.300 

IDW 2.649 

2022 

UR 1.8934 

MYS 3.0102 

PPH 1.2477 

LER 1.4951 

LR 2.1575 

IDW 1.7513 

Table 4 shows that the data from 2019 to 2022 has a VIF value < 10, meaning that all variables in the data 

from 2019 to 2022 do not have multicollinearity. 

3.3 Beta Regression Parameter Testing 

3.3.1 Simultaneous Parameter Testing 

To find out whether all the variables in Eqs. (14), (15), (16), and (17) influence the model, the parameters are 

tested using the partial likelihood ratio test as follows: 

Table 5. Simultaneous Parameter Testing Results 

Year 𝒑-𝒗𝒂𝒍𝒖𝒆 Decision Conclusion 

2019 1.743 × 10−4 Rejected 𝐻0 There is at least one independent variable that influences the model 

2020 6.082 × 10−4 Rejected 𝐻0 There is at least one independent variable that influences the model 

2021 2.162 × 10−3 Rejected 𝐻0 There is at least one independent variable that influences the model 

2022 1.207 × 10−4 Rejected 𝐻0 There is at least one independent variable that influences the model 

Table 5 shows that the data from 2019 to 2022 have a 𝑝-𝑣𝑎𝑙𝑢𝑒 <  𝛼 =  0.05, indicating that at least one 

independent variable influences the model. 

3.3.2 Partial Parameter Testing 

 Partial parameter testing is carried out to find out which variables have a significant influence on the 

model by testing each variable with the 𝑡-test. The results of partial parameter testing using the 𝑡-test are as 

follows: 

 
Table 6. Partial Parameter Testing Results with 𝒕-test 

Year Variable 𝒕𝑺𝒕𝒂𝒕𝒊𝒔𝒕𝒊𝒄 𝒕𝒕𝒂𝒃𝒍𝒆 p-value Decision 

2019 

UR 1.149 2.0595 0.2505 Accepted 𝐻0 

MYS -0.379 2.0595 0.6915 Accepted 𝐻0 

PPH 2.973 2.0595 0.0029 Rejected 𝐻0 

LER -2.828 2.0595 0.0047 Rejected 𝐻0 

LR -2.045 2.0595 0.0409 Rejected 𝐻0 

IDW -0.928 2.0595 0.3534 Accepted 𝐻0 
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2020 

UR 1.198 2.0595 0.2310 Accepted 𝐻0 

MYS -0.053 2.0595 0.9580 Accepted 𝐻0 

PPH 2.530 2.0595 0.0114 Rejected 𝐻0 

LER -2.493 2.0595 0.0127 Rejected 𝐻0 

LR -2.502 2.0595 0.0123 Rejected 𝐻0 

IDW -0.467 2.0595 0.6402 Accepted 𝐻0 

2021 

UR -0.670 2.0595 0.5029 Accepted 𝐻0 

MYS 0.673 2.0595 0.5010 Accepted 𝐻0 

PPH 1.501 2.0595 0.1334 Accepted 𝐻0 

LER -2.649 2.0595 0.0081 Rejected 𝐻0 

LR -2.409 2.0595 0.0160 Rejected 𝐻0 

IDW -0.105 2.0595 0.9166 Accepted 𝐻0 

2022 

UR -0.443 2.0595 0.6580 Accepted 𝐻0 

MYS 0.607 2.0595 0.5441 Accepted 𝐻0 

PPH 1.847 2.0595 0.0646 Accepted 𝐻0 

LER -2.892 2.0595 0.0038 Rejected 𝐻0 

LR -2.794 2.0595 0.0052 Rejected 𝐻0 

IDW -0.115 2.0595 0.9087 Accepted 𝐻0 

 Based on Table 6, the 𝑡-test results show that in 2019 and 2020, three independent variables had a 

significant influence on the model at a significance level of 5%, namely the percentage of the population who 

have health insurance, and the literacy rate. The final models formed for these years are as follows: 

Year 2019: 𝑙𝑜𝑔 (
𝜇

1−𝜇
) = 7.66 + 1.29𝑃𝑃𝐻 − 0.09𝐿𝐸𝑅 − 4.01𝐿𝑅    

Year 2020: 𝑙𝑜𝑔 (
𝜇

1−𝜇
) = 6.99 + 1.19𝑃𝑃𝐻 − 0.08𝐿𝐸𝑅 − 4.31𝐿𝑅     

The 𝑡-test results based on Table 6 show that in 2021 and 2022, four independent variables have a 

significant effect on the model at a significance level of 5%, namely the mean years of schooling, the 

percentage of the population who have health insurance, and the literacy rate. The final models formed are 

as follows: 

Year 2021: 𝑙𝑜𝑔 (
𝜇

1−𝜇
) = 7.88 − 0.09𝐿𝐸𝑅 − 3.88𝐿𝑅  

Year 2022: 𝑙𝑜𝑔 (
𝜇

1−𝜇
) = 9.16 − 0.10𝐿𝐸𝑅 − 4.73𝐿𝑅  

 

3.4 Evaluation of Model Goodness 

 Model quality evaluation was conducted solely to determine which of the four models performed 

better. In this study, AIC and BIC were used to determine the best model. The lower the AIC and BIC values, 

the better the model’s performance. The following table shows the AIC and BIC values for each model from 

2019 to 2022: 

Table 7. AIC and BIC Value Results 

Year AIC BIC 

2019 -123.732 -116.100 

2020 -123.409 -115.777 

2021 -120.576 -114.471 

2022 -126.691 -120.585 

Based on Table 7, it is known that the AIC and BIC values for the 2019 data model are -123.732 and -

116.100, the 2020 data model are -123.409 and -115.777, the 2021 data model are -120.576 and -114.471, 

and the 2022 data model are -126.691 and -120.585. The AIC and BIC values indicate that life expectancy, 

literacy rates, and the percentage of the population with health insurance significantly affect the model for 

the 2019-2022 period. This finding is in line with previous research that emphasizes the role of education, 

health, and human development in improving social welfare [25].  
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4. CONCLUSION 

The regression model equation from 2019 to 2022 shows the 𝛽𝑗 value that influences the dependent 

variable. The factors that influence the percentage of the poor population using Beta regression in 2019 and 

2020 are the percentage of the population with health insurance, the life expectancy variable, and the literacy 

rate variable. The factors that influence the percentage of the poor population in 2021 and 2022 are the life 

expectancy variable and the literacy rate variable. The overall conclusion of this study is that there are 

differences in the factors that influence the percentage of the poor population in Indonesia between 2019 and 

2020, as well as between 2021 and 2022. In 2019 and 2020, there is one factor that is not present in the 

following year, namely, the percentage of the population with health insurance.   
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