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The human development index is the primary indicator used to measure the level
of success of human development. It is important to study because the human
development index can provide a more comprehensive picture of a region or
country's progress in improving its people's quality of life and guide the
government in designing more effective development policies, identifying social
gaps, and directing efforts to improve the quality of life of society as a whole. This
research aims to identify the most significant component of the HDI calculation
through the application of standardized coefficients and to analyze the influence of
the number of poor people on the human development index in West Nusa
Tenggara (NTB) province during 2010-2023 period. This research is quantitative
in essence. The independent variables were life expectancy at birth, expected years
of schooling, mean years of schooling, adjusted per capita expenditure, and number
of poor people. The individual observation units in this study were 10
districts/cities in the NTB province. Data were sourced from Badan Pusat Statistik
(BPS) NTB Province and analyzed using the panel regression method. The results
of model selection show that the Fixed Effect Model is the best model for modeling
the human development index in NTB province. The adjusted per capita
expenditure had the greatest impact on the human development index of NTB
Province in 2010-2023. The expected years of schooling was the variable that
contributed the least to the entire components of the HDI in NTB province. The
number of poor people had a significant effect on the human development index of
NTB province from 2010 to 2023.
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A. INTRODUCTION

*

Development refers to a nation's or region's endeavor to enhance the welfare and quality
of life of its populace (Lind, 2019; Sari, 2022). Prior to 1990, development was predominantly
assessed through economic measures, including economic growth and per capita income. This
strategy frequently overlooks the distribution of welfare and the community's quality of life
(BPS-Statistics Indonesia, 2025). In the current era of globalization, Indonesia, as a developing
nation, is initiating a development paradigm that prioritizes sustainable and inclusive human
advancement. The objective of the human development strategy is to assist nations in attaining
sustainable development goals by the fortification of policy-making, leadership, partnerships,
and institutional capacity, alongside the enhancement of resilience (Tobaigy etal., 2023). A key
indicator of developmental achievement in a country or region is the availability of high-quality
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human resources. Effective human resources are evidenced by enhancements in educational
attainment, healthcare services, and economic development (Pramesti & Indrasetianingsih,
2018). Skilled human resources are pivotal to community development. The growth of
communities depends on the active engagement and empowerment of individuals, cultivating
a sense of ownership and accountability among citizens. Investing in great human resources
enables governments to develop competent workers that provide new solutions and propel
advancement across all areas.

The United Nations Development Program (UNDP) establishes four main human
development elements: equity, productivity, empowerment, and sustainability. Human
development, defined as "a process of enlarging people's choices", involves stages or processes
to improve human living standards (UNDP, 2022). Human development is an indicator that
needs attention because high economic growth cannot always solve welfare problems such as
poverty and the standard of living of society at large. Measuring human development progress
refers to a method developed or popularized by the UNDP: the Human Development Index or
HDI (Jalil & Kamaruddin, 2018; Mangaraj & Aparajita, 2020; Yolanda, 2017).

BPS-Statistics Indonesia (2024) defines HDI is a statistical measure used to measure the
progress and quality of life of people in a country or region based on three indicators: health,
education and decent living standards. The health dimension is assessed via life expectancy, the
education dimension is evaluated through the mean years of schooling and expected years of
schooling, whereas the decent standard of living dimension is quantified by per capita income,
typically Gross National Income (GNI) per capita adjusted for Purchasing Power Parity (Herre
& Arriagada, 2023). By considering these indicators, HDI can provide a more comprehensive
picture of a country's progress in improving the quality of life of its people. HDI can guide
governments in designing more effective development policies, identifying social gaps, and
directing efforts to improve the overall quality of life. Furthermore, the HDI can elucidate
disparities in human development outcomes among locations with comparable per capita
incomes (Purba, 2019).

BPS-Statistics NTB Province (2023) stated that the HDI in West Nusa Tenggara (NTB)
province tends to increase. Even though there is an increase every year, the HDI of NTB
province is still 29th out of 34 provinces, which shows that NTB province is in the category of
the six lowest provinces in Indonesia in 2023. Therefore, the researchers were interested in
further examining the factors influencing HDI in NTB province. The components of calculating
the HDI are: life expectancy at birth to measure health indicators, literacy rate and average
years of schooling to measure knowledge indicators, and per capita expenditure as a
benchmark indicator of a decent standard of living. Futhermore, the study of HDI has evolved
alongside advancements in related fields. Other factors (variables) form the basis of HDI
calculations.

Several previous researchers have studied HDI in various regions in Indonesia. Humaira &
Nugraha (2018) conducted the factors affecting the HDI in West Kalimantan province. The
results of their research showed that gross regional domestic product at constant price,
adjusted per capita expenditure, expected years of schooling, mean years of schooling, and life
expectancy at birth significantly affect HDI in West Kalimantan province. Yanuar et al. (2018)
investigated HDI in North Sumatera province. The total expenditure per capita per month and
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mean years of schooling influence HDI in North Sumatera province. Pramesti & Suharsono

(2019) and Anekawati et al. (2024) studied HDI in East Java province. The expected years of
schooling significantly affect HDI in East Java province. Rahmawati et al. (2021) and Saputro et

al. (2021) examined the modeling of HDI in Papua province. The research results showed that

the factors significantly influencing HDI in Papua province are the population growth rate,

percentage of poor population, and economic growth. Pertiwi et al. (2023) compared HDI in

Papua and West Sumatera province. The research results showed that mean years of schooling

influence HDI in Papua and West Sumatera province. Kamil et al. (2024) studied HDI in

Indonesia. The health complaints was the most influential predictor on HDI. Susanti et al. (2025)
analyzed HDI in Indonesia. The life expectancy at birth, mean years of schooling, and per capita

expenditures significantly affect the HDI in Indonesia

The results of previous research show that there are several variables from the health,
education, and economic sectors that are widely used by previous researchers and have a
significant effect on HDI, namely; life expectancy at birth, expected years of schooling, mean
years of schooling, and per capita expenditure are adjusted. Life expectancy represents the
health sector, expected years of schooling and average years of schooling represent the
education sector, and adjusted per capita expenditure represents the economic sector.
Therefore, in this study, researchers used life expectancy, expected years of schooling, average
years of schooling, and adjusted per capita expenditure as independent variables to model the
HDI. Another variable from the economic sector that influences HDI is the number of poor
people. The community's limitations in meeting basic needs, such as food, clothing and shelter,
are shown by the indicator of the number of poor people. Thus, it is hoped that the decrease in
the number of poor people will be able to increase the HDI (Dewi & Nurhayati, 2023). Therefore,
the number of poor people is used as an additional independent variable to model HDI. In
addition, the selection of independent variables is adjusted to data availability. Consequently,
this study uses life expectancy at birth, expected years of schooling, average years of schooling,
adjusted per capita expenditure, and the number of poor people to model the HDI in NTB
province.

The HDIin NTB province has been investigated by several researcher. Wathani etal. (2017)
studied the HDI in NTB with partial least square method. Rayes (2019) observed the NTB’s HDI
used panel regression for 2013-2017 period. Nur & Yuliansyah (2020) examined the HDI of
NTB utilized multiple regression technique. Sapurah et al. (2021) investigated the HDI in NTB
applied fixed effect model on panel regression during 2010-2017. Pramuja et al., (2023)
analyzed the HDI in NTB province from 2016 to 2020 using the first difference generalized
method of moment (FDGMM). Astuti, Afifurrahman, et al. (2024) evaluated HDI of NTB by
spatial panel model from 2010-2022. Prior scholars examining HDI in NTB predominantly
employed the panel regression methodology. This is because the number of districts/cities in
the NTB province is relatively small and resulting in problems estimating parameters related
to degrees of freedom. According to Lee & Yu (2015), Belotti etal. (2017), Gallo & Pirotte (2017),
Astutietal. (2020, 2021, 2023), and Astuti, Ashri, et al. (2024), panel data regression is superior
to studying dynamic changes by recognizing and measuring effects more accurately than
regression limited to time series or cross-section data. Panel data provides more informative
information with more degrees of freedom, lower correlation between variables, and higher



Alfira Mulya Astuti, Modeling the Human Development Index... 901

efficiency. Thus, in this research, panel data regression is used to model HDI in the NTB
province.

The primary distinction between this study and prior researches resides in the observation
duration, independent variables, and interpretation of regression outcomes. The observation
period variable utilized in this research spans from 2010 to 2023. The independent variables
include mean years of schooling, expected years of schooling, life expectancy at birth, adjusted
per capita expenditure, and the number of poor people. The independent variables employed
in this study mainly consist of the elements that form the HDI. Consequently, the interpretation
of the regression model employs the relative contributions of the independent variables,
excluding the number of poor people. This research seeks to identify the most significant
component of the HDI calculation through the application of standardized coefficients and to
analyze the influence of the number of poor people on the HDI of NTB Province in 2010-2023.

B. METHODS
1. Research Variable

The research variables used to model the human development index in NTB province are
presented in Table 1.

Table 1. Research Variables

Variable Unit Notation
Human development index (HDI) Percent Y
Life expectancy at birth (LEB) Year X4
Expected years of schooling (EYS) Year X,
Mean years of schooling (MYS) Year X3
Adjusted per capita expenditure (APE) IDR Thousand X4
Number of poor people (NPP) Persons X5

2. Types, Sources, and Techniques of Data Collection

The data used in this research is secondary data obtained from BPS of NTB Province
website with a panel data structure. The time series unit starts from 2010 to 2023, and the
cross-section unit consists of 10 districts/cities in the NTB province, namely: Lombok Barat
District, Lombok Timur District, Lombok Tengah District, Lombok Utara District, Sumbawa
District, Sumbawa Barat district, Bima district, Dompu district, Bima city and Mataram city. The
data collection technique in this research is documentation.

3. Data Analysis Technique
The data analysis technique used in this research is panel data regression analysis. This
subpoint discusses panel data regression and the assumption tests used.
a. Definition and Concept of Panel Data Regression
Panel data regression is a regression that uses panel data, namely combined data
between cross-section data and time series data (Baltagi, 2021). Cross-section data can
be individuals, households, companies, countries, or other entities observed at a specific
time. Time series data can be daily, weekly, monthly, quarterly, annually, or at other time
intervals. Panel data regression uses data from observations of cross-section units
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repeatedly over several periods (Astuti et al., 2023). The panel data regression model
can be seen in equation (1).

Yit = Bo + BiX1it + BaXoir + - + PxXkir + &t (1)

where Yi:is dependent variable at the i-th observation unit and time-t withi = 1,2, ..., N
and t = 1,2,...,T; B, is constant/intercept, S is parameter for the k-th variable with
k=1,2,..,K, X is k-th independent variable of the i-th individual at time-¢, i is unit
cross section, t is unit time series, and ¢;; is error at the i-th observation unit and time-t.
b. Approach and Estimation in Panel Data Regression Models
In panel data regression, there are three estimation methods, namely: the Common
Effect Model or CEM, Fixed Effect Model or FEM, and Random Effect Model or REM
(Wooldridge, 2016).
1) Common Effect Model (CEM)
The CEM model is the most straightforward technique for estimating panel data
because it only combines time series and cross-section data. This model ignores
individual or time dimensions so it is assumed that individual behavior is the same
over various periods. This model can be estimated using the Ordinary Least Squares
or OLS approach (Greene, 2018). The CEM model is written in equation (2).

Yit = Bo + BrXyir + €it (2)

The symbol definitions in equation (2) are identical to those in equation (1).
2) Fixed Effect Model (FEM)

This model is used to overcome the weaknesses of CEM. FEM shows constant
differences between objects, even with the same regressor coefficients. FEM is a
model that assumes that the intercept coefficient is different for each individual. In
FEM, dummy variables are used to explain the intercept coefficient for each individual.
To estimate this FEM, the Least Square Dummy Variable method is used. FEM is
written in equation (3).

Yit = Bo + Ui + BiXyir + €it (3)

where y; is effect of the i-th individual (dummy variable) and the other symbol
definitions in equation (3) are identical to those in equation (1).
3) Random Effect Model (REM)

This model accounts for unobserved heterogenity across individuals and/or time by
modeling the error term as having specific components (e.g., individual-specific
effects, time-specific effects). The advantage of using this model is that it can eliminate
heteroscedasticity. This model is called the Error Component Model (ECM) or
Generalized Least Square or GLS. REM can be seen in equation (4).

Yie = Bo + BiXyir + €ies €ir = wy + Ve + Wy (4)
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where u; is cross section error component, V; is time series error component, W;; is
combined error component, and the other symbol definitions in equation (4) are
identical to those in equation (1).

c. Selection of Panel Models
The panel data regression model selection test aims to determine the model that will be
used, whether it is CEM, FEM, or REM (Astuti, Ashri, et al., 2024). Selection of a panel
data regression model can be done through a series of tests, including:
1) Chow Test
The Chow test is used to choose between CEM and FEM through the residual sum
squares value. The testing procedure is as follows:
Hypothesis:
Ho: Common Effect Model (CEM)
Hi: Fixed Effect Model (FEM)
The test statistic used is the F-test, which can be seen in equation (5).

P [RRSS — URSS]/(N — 1)
Test = URSS/(NT — N — K)

(5)

where N is the number of individuals (cross section), T is the number of periods (time

series), K is the number of independent variables, RRSS is restricted residual sums of

squares, and URRS is unrestricted residual sums of squares.

Decision:

- If p-value < «a (significance value), then the initial hypothesis (Hy) is rejected, which
means that the selected model is FEM.

- If the p-value > a, then Hy is not rejected, which means that the selected model is
CEM

2) Hausman Test
This test is used to choose between REM or FEM. Assumptions regarding the
correlation between the residual components and the independent variables can be
made to determine the Random Effect Model. If it is assumed that there is no
correlation between the residuals and the independent variables, then the
appropriate model is REM. If otherwise, then the proper model is FEM.
Hypothesis:
Hy: Random Effect Model (REM)
H;: Fixed Effect Model (FEM)
The statistical test used is the Chi-square test (y?) based on Wald criteria, which can
be seen in equation (6).

W = q'[var (@)]7'q' = (BAFEM - .BAREM)’[var(BFEM - EREM)]_l (ﬁFEM - BREM) (6)
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where Brgy is vector of coefficients of independent variables from FEM and fggy is

vector of independent variable coefficients from REM.

Decision:

- If p-value < @, then the initial hypothesis (H) is rejected, which means that the
selected model is FEM.

- If the p-value > @, then the initial hypothesis (H;) is not rejected, which means that
the selected model is REM.

3) Lagrange Multiplier (LM) Test

The LM test is used to choose a better model between CEM and REM by carrying out
REM testing based on the residual value of CEM.

Hypothesis:

Hy: Common Effect Model (CEM)

H;: Random Effect Model (REM)

The statistical value of the LM test can be calculated using the formula in equation (7).

2

T T 12
NT l=1[ t=1€lt] -1 (7)

LM =
2(T-1) §<=1 Y1 gizt

where N is number of individuals, T is many periods, and ¢;; is combined model

residual.

Decision:

- If p-value < ¢, then the initial hypothesis (Hg) is rejected, which means that the
selected model is REM.

- If the p-value > «, then the initial hypothesis (Hy) is not rejected, which means that
the selected model is CEM.

d. The Assumptions of the Panel Data Regression Model
1) Normality Test

Wooldridge (2016) demonstrated that assume normality is not needed for large
panel data, which includes both time and different groups. The Central Limit Theorem
(CLT) guarantees that the estimator's distribution will become normal even if the
errors aren't. Greene (2018) also highlights that for OLS models and panel data,
normality is not required as long as the sample size is large. For models that use
maximum likelihood, like logit or probit models, it's more important for the data to
be normal, but for models that use least squares, like OLS and panel models, the
Central Limit Theorem will help with the error distribution when the sample size is
large.

2) Multicollinearity Test

The multicollinearity test was carried out to assess whether there is a correlation
between the independent variables in this regression model. This method is used to
identify multicollinearity problems by evaluating simple correlation values between
independent variables. This assumption requires the variable to have a Variance
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Inflation Factors (VIF) value smaller than 10. If the VIF value is greater than 10, it can
be concluded that the research model experiences a multicollinearity
problem(Greene, 2018).

3) Heteroscedasticity Test
This test aims to test whether there is a difference in the residual variance between
one observation (Peng et al., 2021). Heteroskedasticity can be seen using the white
method. The white test aims to identify whether the residual variance is not constant
(Feng et al., 2020). The method commonly used in the white test is to regress the
squared residuals against all explanatory variables in the model (Han & Kim, 2023;
Wang et al., 2024).
Decision:
- If the p-value < a, there is a heteroscedasticity
- If the p-value > ¢, there is no a heteroscedasticity.

4) Autocorrelation Test
Autocorrelation arises when the residuals at one temporal point are correlated with
the residuals at another temporal moment within the same individual unit (Kumar,
2023). In the realm of panel data, this indicates that errors at one temporal juncture
can influence errors at the subsequent temporal juncture for the same entity. The
consequences of correlation include inaccurate estimation, erroneous standard error,
and misinterpretation. The Wooldridge Test for autocorrelation is frequently
employed to identify autocorrelation in panel data (Born & Breitung, 2016; Chen,
2022). The remedy for autocorrelation is to employ clustered standard errors for
each individual unit.
Decision:
- If the p-value < a, there is an autocorrelation.
- If the p-value > «, there is no an autocorrelation

e. Parameter Testing
1) Partial Test (¢t-Test)
The partial test tests whether the independent variable (individually) affects the
dependent variable (Wooldridge, 2016). The t-test statistical formula used can be

seen in equation (8).
= Ty (N —2)
\V (1 - Tny)

where 7y, is partial correlation coefficient of independent variables to dependent

(8)

variable. The hypothesis used in the t-test is:

Hy: 1 = B, = f3 = B4 = Bs = 0, the independent variable partially has no significant
effect on the dependent variable in the model.

Hy: By # By # B3 # Bs # Ps # 0, the independent variable partially has a significant
effect on the dependent variable in the model.
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Decision:

- If the p-value < @, then H is rejected, which means that the independent variable
partially has a significant effect on the dependent variable in the model.

- If the p-value > a, then Hy, is notrejected, which means that the independent variable
partially has no significant effect on the dependent variable in the model.

2) Simultaneous Test (F-Test)
The simultaneous test or F-test is carried out to determine the effect of the
independent variables on the dependent variable (Greene, 2018). With test statistics
written in equation (9).

R2/(N+K —1)

F=Aa-ry/NT=N=K)

(9)

where R? is correlation coefficient squared, K is number of independent variables

including constants, and N is number of samples. The hypothesis used in the F-test is:

Hy: B1 = B2 = B3 = 4 = f5s = 0, the independent variables simultaneously have no
significant effect on the dependent variable

Hy: 1 # By # B3 # P4 # Ps # 0, the independent variables simultaneously have a
significant effect on the dependent variable

Decision:

- If the p-value < a, then Hy is rejected, which means that the independent variable
simultaneously significantly affects the dependent variable in the model.

- If the p-value > «, then H, is not rejected, which means that the independent
variables simultaneously do not significantly affect the dependent variable in the
model.

3) Coefficient of Determination
The coefficient of determination measures how much the independent variable can
explain the dependent variable (Greene, 2018). Suppose the coefficient of
determination value is close to 1. In that case, the influence of the independent
variable on the dependent variable is strong. If the coefficient of determination value
is 0, then the independent variable does not impact the dependent variable. The test
statistics are written in equation (10).

KD = R? x 100% (10)

where KD is coefficient of determination.
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f. Model Specifications
The model in this research can be seen in equation (11).

HDI; = By + B1LEB;; + B,EYS;; + B3MYS;; + B4APE;; + Bs NPP(+¢;¢ (11)

where t is the t-th period with £ =2010, 2011, ...,, 2023 and i is the i-th observations unit
with i= Lombok Barat, Lombok Timur, Lombok Tengabh, .., Mataram.
g. Standardized Coefficient

The beta or standardized coefficients is typically performed to determine which
independent variables exert a bigger influence on the dependent variable in a multiple
regression analysis involving variables measured in disparate units. It can also be
regarded as a universal metric of effect size, assessing the "magnitude" of the influence
of one variable on another. The standardized coefficients can be determined by applying
the formula in equation (12) to a simple linear regression or multivariable linear or
panel regression model that has been estimated to report the regression coefficient
between the respon and predictor variable (Nieminen, 2022; Sachs et al., 2025; van
Ginkel, 2020).

B = : (12)

where i;’* is vector of standardized coefficients, SD, is the standard deviation of
predictor variable, and SD,, is the standard deviation of respon variable.
h. Analysis Stages

The data analysis process in this research uses R software. The flowchart for conducting

panel data regression analysis is presented in Figure 1. Details of the stages of panel data

regression analysis based on the data analysis flow are presented as follows:

1) Preparing the data, ensuring that the data to be used has been collected and is
available in panel data format. The data used in the analysis process has been natural
logarithmized to allow coefficients to be interpreted as elasticities .

2) Identifying and defining dependent variables and independent variables.

3) Exploring the data, namely, finding out the pattern of relationships between variables
through scatterplots and analyzing them descriptively.

4) Choosing a regression model, namely, determining the type of regression model that
suits the research problem. Panel data regression models can include CEM, FEM, or
REM.

5) Carrying out the classic assumption tests, namely: the assumptions of
multicollinearity, autocorrelation, and heteroscedasticity.

6) Estimating the parameters: using the panel data regression method to obtain the
coefficients of each variable used to model the HDI.

7) Computing the standardized coefficients based on coefficients regression in step(6)
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8) Interpreting the results.

NIB HDI Data
Model
Formulation

Is the Chow Test
Decision a Reject

H?

Yes

Is the Hausmant
Test Decision &
Reject H,?

Are There
Symploms of
Hetersscedasticity

Eliminate Variable that P Dacs
Experience Multicallinearity

Muliicollinearity Oceur?

Figure 1. Analysis Flowchart

C. RESULT AND DISCUSSION

1. Descriptive Statistical Analysis
The results of descriptive statistical analysis of research data are presented in Table 2.

Table 2. Descriptive Statistics of Research Variables

Variable Statistic
Mean Median Max. Min. Std. Dev.
HDI 66.74 66.26 79.59 56.13 5.34
LEB 66.52 66.13 72.20 63.03 2.18
EYS 13.28 13.25 15.65 10.66 1.11
MYS 7.28 7.23 10.94 4.23 1.55

APE 9,555,000 9,185,000 15,426,000 7,083,000 1,964,000
NPP 80,287 71,170 263,690 14,660 58,958
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The districts/cities human development index in NTB province from 2010 to 2023 has an
average value of 66.74%. The highest human development index reached 79.59%, while the
minimum value reached 56.13%. Meanwhile, the average of life expectancy at birth in NTB
province during the same period was 66.52 years. The highest life expectancy at birth reached
72.20 years, while the lowest was 63.03. The expected years of schooling in NTB province
shows an average of 13.28 years, with a maximum value of 15.56 years and a minimum of 10.66
years.

Analysis of the mean years of schooling in NTB province from 2010 to 2023 found the
highest point was 10.94 years, while the lowest point was only 4.23 years, with an average value
of 7.28 years. NTB province's per capita expenditure shows an average of 9,555,000 IDR. The
maximum value reaches 15,426,000 IDR, while the minimum value reaches 7,083,000 IDR
Meanwhile, the number of poor people in NTB province from 2010 to 2023 shows an average
of 80,286 people, with the highest peak reaching 263,690 people and the lowest point reaching
14,660 people.

2. Correlation of The Research Variables

The relationship between the human development index, life expectancy at birth, expected
years of schooling, mean years of schooling, adjusted per capita expenditure, and the number
of poor people is presented in Figure 2. The positive relationship in Figure 2 is marked by a
linear line that goes to the right, increasing. Meanwhile, a negative relationship is indicated by
a linear line that decreases further to the right at lower triangle of Figure 2. In addition, the
correlation values between variables are presented in upper triangle of Figure 2.

180 183 186 07 09 42 46 50 54
I N | I I |

DI * kA *d A * kA * %X S

0.95 0.94/0.85 0.84 | -057

176  1.85

g 4| AEB kA kA %%k A *kK
= 4 JIF. 088 0787 0.78] oss
- g EYS$ Y ke dde K deden @
0.75 | 049 |~
*dH .l
047 | -0.74

e de k|
-0.28

385 405

NP

o5 o
T T T T TTT
1.05 1156 3856 400 415

Notes: *** Significant at a = 5%.
Figure 2. Scatterplot Matrix of Research Variables Correlation

Life expectancy at birth, expected years of schooling, mean years of schooling, and adjusted
per capita expenditure exhibit a significant positive correlation with the human development
index. The number of poor people adversely and significantly affects the human development
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index. Districts/cities exhibiting higher life expectancy characteristics can enhance the human
development index in the NTB province, or conversely. The expected years of schooling are
positively correlated with the human development index in the province of NTB. The mean
years of schooling and adjusted per capita expenditure are comparable. An increased mean
years of schooling can enhance the human development index. Areas exhibiting elevated
adjusted per capita expenditure have the potential to enhance the human development index.
The number of poor people exhibits a negative and significant correlation with the human
developmentindex. Anincrease in the number of poor people within a district or city correlates
with a decline in the development index.

3. Inferential Statistical Analysis
a. Panel Model Estimation
This research uses panel data using three regression models, namely the Common Effect
Model (CEM), Fixed Effect Model (FEM), and Random Effect Model (REM). The
estimation results of the three models are presented in Table 3.

Table 3. Panel Data Model Estimation Result

. CEM FEM REM
Variable Coefficient p-value Coefficient p-value Coefficient p-value
Constant 0.100 0.130 -0.140 0.051

LEB 0.555 0.000 0.849 0.000 0.577 0.000
EYS 0.193 0.000 0.196 0.000 0.189 0.000
MYS 0.129 0.000 0.113 0.000 0.131 0.000
APE 0.146 0.000 0.153 0.000 0.146 0.000
NPP 0.002 0.178 0.035 0.000 0.002 0.104

The results in Table 3 indicate that life expectancy at birth (LEB), expected years of
schooling (EYS), mean years of schooling (MYS), adjusted per capita expenditure (APE),
and number of poor people (NPP) significantly affect HDI in the Fixed Effect Model.
However, in the Common Effect and Random Effect Models, the number of poor people
has no significant impact on the human development index.
b. Panel Model Selection
Three tests were carried out to determine the best regression model in panel data
analysis, namely the Chow test, Hausman test, and Lagrange Multiplier test. The results
of the panel model selection are described below.
1) Chow Test
The Chow test results are presented in Table 4, which informs that the p-value of
Cross-Section F is 0.000. This value is smaller than the significance level (a) for a =
5%. This means that Ho is rejected. Therefore, the model chosen is the Fixed Effect
Model.

Table 4. Chow Test Results

Effect Test Statistic  Degree of freedom p-value Decision
Cross-section F 8.059 (9;125) 0.000 Hois rejected
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2) Hausman Test
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The Hausman test results are presented in Table 5, which informs the p-value of the
Cross-Section Random is 0.000. This value is less than significance level () for a =
5%. This means that Ho is rejected. Thus, the Fixed Effect Model is chosen model. As

a result, the analytical process did not advance to the Lagrange multiplier test.

Table 5. Hausman Test Results

Chi-Sq. Degree of
Test Summary Statistic freedom
Cross-section Random 87.415 5 Hois rejected

The panel model selection results show that the best panel model for modeling the
human development index in the NTB province for 2010-2023 is the fixed effect

model, which can be seen in equation (13).

HDI,, = By + u; + 0.849LEB;, + 0.196EYS;, + 0.113MYS;, + 0.153APE;,

+ 0.035NPP,,

where value of 8y + y; can be seen in Table 6.

Table 6. Effect of Districts/Cities

i Districts/Cities Value
1 Lombok Barat -0.827
2 Lombok Tengah -0.830
3 Lombok Timur -0.835
4 Sumbawa -0.821
5 Dompu 0.808
6 Bima -0.819
7 Sumbawa Barat -0.803
8 Lombok Utara -0.822
9 Mataram -0.826
10 Bima City -0.802

c. Classic Assumption Test
1) Multicollinearity Test

(13)

The results of the multicollinearity test of the regression model are presented in Table
7. Based on Table 7, no variables have a VIF value is more than 10, meaning that all

independent variables in this study do not experience multicollinearity problems.

Table 7. Multicollinearity Test Results

Variable VIF
LEB 9.448
EYS 7.946
MYS 6.416
APE 4.125
NPP 2.323
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2) Heteroscedasticity and Autocorrelation Test

The result of heteroscedasticity and autocorrelation test is presented in Table 8. The
value of Breusch-Pagan test for heteroskedasticity is 13.700 with p-value is 0.017.
This indicates that the assumption of homoscedasticity is violated. For
autocorrelation, the value of Wooldridge test is 96.415 with p-value is 0.000. This
signifies a breach of the autocorrelation assumption. The existence of
heteroskedasticity and autocorrelation issues in the regression model still yields
unbiased and consistent parameter estimations. Nevertheless, the parameter
estimator exhibits suboptimal variance. This will influence the hypothesis test's
conclusion, resulting in erroneous outcomes as it fails to represent the true
circumstances.

Table 8. Heteroscedasticity and Autocorrelation Test Result

Test Statistics df p-value Decision
Breusch-Pagan There is
(Heteroskedasticity) 13.700 > 0.017 heteroscedasticity
Wooldridge (Autocorrelation) 96.415 14 0.000 There is an

autocorrelation

Atkinson et al. (2016) and Potscher & Preinerstorfer (2025) provide a robust
approach utilizing a parameterized variance function to resolve the the
heteroskedasticity and autocorrelation issue, namely Newey-West test. The Newey-
West test is employed to adjust the standard error of parameter estimators,
enhancing their robustness against both heteroskedasticity and autocorrelation. The
result of Newey West test is presented in Table 9.

Table 9. Heteroscedasticity and Autocorrelation Test Result

FEM Newey-West
Variable Estimation Standard Standard
p-value p-value
Error Error
LEB 0.849 0.1250 3.81E-10 0.0852 2.20E-16
EYS 0.196 0.0243 6.01E-13 0.0306 3.00E-09
MYS 0.113 0.0208 3.01E-07 0.0214 5.95E-07
APE 0.153 0.0155 2.20E-16 0.0146 2.20E-16
NPP 0.035 0.0101 6.46E-04 0.0078 1.36E-05

Table 9 reveals that the estimated parameters obtained are consistent. This
parameter estimator is both unbiased and consistent. The distinction between the
two models is in the standard error of the parameter estimates, which will influence
the significance of hypothesis testing (p-value).

d. Parameter Significance Test
Parameter significance test carried out in this research consisted of partial test (¢t-test),
simultaneous test (F-test), and coefficient of determination tests (R?). The results of
these three tests are as follows.
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1) Partial Test (t-Test)
The t-test results for the Fixed Effect Model are presented in Table 3 and Table 9,
informs that life expectancy at birth, expected years of schooling, mean years of
schooling, and adjusted per capita expenditure exhibit a significant positive effect
with the human development index in NTB Province.

2) Simultaneous Test (F-Test)
The results of the F-test using the Random Effect Model are presented in Table 10.
The test results using the Fixed Effect Model reveals that the p-value of F-testis 0.000,
where this value is less than the significance level for @ = 0.05. This means that Ho is
rejected. Thus, it can be concluded that life expectancy at birth, expected years of
schooling, mean years of schooling, adjusted per capita expenditure, and the number
of poor people simultaneously significantly affect the human development index in
NTB province.

Table 10. F-Test Results

Statistics Value
R-squared 0.9871
Adjusted R-squared 0.9856
F-statistic 1,905.370
Degree of freedom (5;125)
p-value 0.000

3) Coefficient of Determination Test

Table 10 shows that the R-squared value is 0.9871, which indicates that the model
explains 98.71% of the variance in the HDI by life expectancy at birth, expected years
of schooling, mean years of schooling, adjusted per capita expenditure, and the
number of poor people in the powerful category. Meanwhile, the remaining 1.29% is
explained by other variables not used in this research. To identify the most
contributing independent variable, it is essential to compute the standardized
regression coefficient, as presented in Table 11.

Table 11. The Standardized Coefficient of The Independent Variables

Variable Standardized Coefficient
LEB 0.349
EYS 0.202
MYS 0.304
APE 0.374
NPP 0.342

Table 11 proves that adjusted per capita expenditure is the most greatly impacts
human development index in West Nusa Tenggara in 2010-2023. Life expectancy
index at birth, number of poor people, and mean years of schooling occupy the second,
third, and fourth positions, respectively, as determinants that substantially affect
human development index in NTB. The expected years of schooling is the variable
that contributes the least to the entire components of the HDI in NTB.
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This study's findings align with the research of Setiawan (2023). Adjusted per capita
expenditure indicates an individual's ability to fulfill essential requirements. An
increase in adjusted per capita expenditure correlates positively with the likelihood
of individuals accessing healthcare, education, and essential living necessities,
thereby enhancing the Human Development Index. Adjusted per capita expenditure
is a significant factor in the improvement of HDI. Allocating expenditure towards
productive sectors, such as education and health, positively influences human
development. The findings of this study regarding life expectancy are consistent with
the research by Faiza & Hayati (2024) and Singh et al. (2025), indicating that an
increase in life expectancy significantly enhances the Human Development Index
(HDI). Life expectancy serves as a crucial metric within the health component of the
Human Development Index. Increased life expectancy correlates with improved
public health quality, indicating the efficacy of the healthcare system and the overall
welfare level. These factors may enhance the human development index indirectly.
In contrast to the variable concerning the number of poor people. This study's results
indicate a positive and significant effect on the Human Development Index in NTB.
Theoretically, the prevalence of poverty (number of poor people) negatively affects
the Human Development Index, as poverty correlates with restricted access to
education, health, and essential expenditures, which constitute the three primary
dimensions of the human development index. The research by Awary and Nilasari
(2025) indicates that the population of impoverished individuals adversely affects
the human development index in a significant manner. The positive and significant
influence of the number of impoverished individuals on the human development
index does not suggest that poverty is beneficial; instead, it indicates the effectiveness
of development interventions that have successfully targeted the poor population,
particularly in education and health sectors. This study demonstrates the significance
of policy bias and the effectiveness of social spending in advancing human
development, despite the challenges posed by poverty.

Education serves as a fundamental pillar in the development of human capacity. The
mean years of schooling indicates the current level of education attained, whereas the
expected years of schooling signifies the potential educational attainment for today's
children. Sasmita et al. (2023) assert that the increase in RLS and HLS is closely
associated with the rise in HDI, as it enhances the economic and social capabilities of
individuals. The findings indicate that sustainable human development is not
dependent on a singular variable; rather, it results from the interplay of multiple
factors. Consequently, effective development policies should address and enhance all
these variables to attain sustainable social and economic advancement in West Nusa
Tenggara Province.
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D. CONCLUSION AND SUGGESTIONS

The adjusted per capita expenditure had the greatest impact on the human development
index of NTB Province in 2010-2023. The expected years of schooling was the variable that
contributed the least to the entire components of the HDI in NTB province. The number of poor
people had a significant effect on the human development index of NTB province from 2010 to
2023. The influence given was positive. For the government: the government ought to prioritize
enhancing the quality and sustainability of long-term education. A significant number of
children in NTB province discontinue their education following the completion of basic
schooling. The government must enhance the accessibility of secondary schools and higher
education institutions, particularly in rural regions and isolated islands. Furthermore, establish
educational pathways that correspond with the demands of the local employment market to
enhance public engagement in advanced education. For future researchers: consider
incorporating other variables such as the unemployment rate, income inequality, female labor
force participation, or local government expenditure in education and health sectors to discern
additional factors that may affect the HDI. The scatterplot indicates a non-linear relationship
between the number of poor people and HDI. Consequently, employing non-linear regression
to analyze the determinants influencing the HDI in NTB is recommended.
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