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ABSTRACT

Economic growth is an important phenomenon because it is closely related
to the ultimate goal of development, namely community welfare. However,
not all regions in Indonesia have experienced an increase in economic
growth. Less-developed regions are among those with low economic growth.
This study aims to analyze the determinant of economic growth in 40 less-
developed regions of Indonesia during 2015-2022 using a quantile panel
regression analysis tool. The results show that the fixed capital formation,
population, and human development have a significant positive effect on
economic growth at low, medium, and high levels of economic growth. The
internet usage variable has a significant positive effect on low and medium
economic growth levels but has no effect on high economic growth levels.
The access to clean water variable has a significant positive effect on low
economic growth levels but has a significant negative effect on medium
economic growth levels. Meanwhile, at high economic growth levels,
access to clean water has no effect. The government is more committed to
accelerating development and the community must actively cooperate in
regional development to increase regional economic growth.

Keywords: Economic Growth, Panel Quantile Approach

JEL: 01; 011; 012; 015; 018

ARTICLE INFO

Received: July 04, 2024
Revised: September 04, 2024
Accepted: October 24™, 2024
Online: June 28", 2025

*Correspondence:
Jihan Lukis Panjawa

E-mail: jipanjawa@untidar.ac.id

To cite this document: Malik, F., Panjawa, J. L., Islami, F. S. & Sugiharti, R. R. (2025). Economic Growth and Its Determinants in Less-Developed

Regions: A Panel Quantile Approach. Journal of Developing Economies, 10(1), 106-131. https://doi.org/10.20473/jde.v10i1.59954

Introduction

Economic growth is a critical indicator of a country’s prosperity, reflecting the increase
in the production of goods and services within an economy. According to Todaro & Smith
(2011), economic growth occurs when there is a sustained rise in the output of goods and
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services, which in turn enhances the overall well-being of society. Economic growth has
become an important phenomenon for many countries over the past two centuries (Sukirno,
2011). Over time, countries where the majority of the population relied on agriculture have
transitioned toward industrialization, driven by advancements in technology (Fajariah & Suryo,
2020). This shift has significantly boosted the production of goods and services, contributing
to the overall economic prosperity of these countries.

Wau et al. (2022) argue that the phenomenon of economic growth is not universally
applicable, as not all countries experience increases in the production of goods and services,
resulting in uneven prosperity. United Nations (2023) highlights this disparity, emphasizing that
economic growth remains a central focus of the global development agenda, specifically as
the eighth Sustainable Development Goal: Decent Work and Economic Growth. This emphasis
stems from the close relationship between economic growth and the overarching objective of
sustainable development, which is the well-being of communities.

Indonesia has experienced consistent economic growth in recent years (Coordinating
Ministry for Economic Affairs of the Republic of Indonesia, 2022). Despite being classified as
a developing country, the Ministry of Finance of the Republic of Indonesia (2021) noted that
the Indonesian economy demonstrated resilience during the Covid-19 pandemic, continuing
to function amid global disruptions. According to The World Bank (2024), while Indonesia did
experience a decline in economic growth during the pandemic, the contraction was relatively
modest at -2.1%, especially when compared to other countries such as the United States
(-2.8%), the United Kingdom (-10.4%), and Singapore (-3.9%). This resilience highlights the
strength of the Indonesian economy in sustaining the needs of its population.
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Figure 1: Comparison of Average Gross Regional Domestic Product Values between
Developed Regions with Less-Developed Regions 2015-2022

However, despite Indonesia’s overall positive economic growth, this progress has
not been uniformly experienced across all regions. The Bandung City Government (2016)
highlighted that many regions in Indonesia still suffer from low economic growth, commonly
referred to as less-developed regions. According to Presidential Regulation No. 63 of 2020,
these less-developed regions are characterized by lagging economic development, limited
human resources, inadequate infrastructure, financial constraints, poor accessibility, and
distinct regional characteristics. Ministry of National Development Planning/ National
Development Planning Agency (2023) emphasizes that economic growth in these areas is
typically measured by the gross regional domestic product (GRDP). As shown in Figure 1,
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while both less-developed and developed regions in Indonesia exhibited upward trends in
GRDP from 2015 to 2022, there remains a significant disparity. The average GRDP in developed
regions was 22.996 trillion rupiah, compared to just 2.526 trillion rupiah in less-developed
regions. This stark difference underscores that the benefits of national economic growth have
not been evenly distributed, with less-developed regions still struggling to keep pace.

Figure 1 highlights a significant discrepancy between the trends in GRDP value and
GRDP growth rate in less-developed regions from 2015 to 2022. Specifically, while the GRDP
value in these regions shows a fluctuating but generally upward trend, the GRDP growth
rate exhibits a consistent decline. This indicates that economic output in less-developed
areas is increasing over time, albeit unevenly. However, the rate of growth is slowing down,
suggesting that, despite some progress, the pace at which economic activities are expanding
is insufficient. To capitalize on their development potential, these regions require targeted
support and initiatives to stimulate more strapping economic growth.
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Figure 2: Product Value Comparison Gross Regional Domestic Product (GRDP) with the
GRDP Growth Rate of Less-developed Regions 2015-2022

Economic growth plays a key role in the development of a region or country, as
illustrated in Figure 1 and Figure 2. Manurung et al. (2022) emphasize the significance of
economic growth as a key indicator for assessing the economic performance of a nation’s
development process. This importance is further supported by Guo & Zhang (2023) who note
that many countries utilize economic growth to measure the potential and competitiveness of
their economic development. This, in turn, impacts the formulation of economic policies and
the regulation of social resource allocation.

Various factors contribute to the fluctuations in economic growth. Studies by Thaddeus
et al. (2021), Manurung et al. (2022) and Zarkovic et al. (2022) suggest that significant capital
inflows can attract investment, thereby enhancing economic growth. Additionally, Hadush
et al. (2023) highlight that the number of workers influences productivity and the benefits
derived from economies of scale.

Moreover, the quality of human resources, as measured by the Human Development
Index, is crucial for economic productivity. Research by Hossain & Mitra (2013), Hutajulu et al.
(2020), and Tampubolon et al. (2022) underscores the role of human development in driving
economic outcomes. Similarly, Fridyansyah et al. (2023) demonstrate the impact of health
on economic productivity. Furthermore, the adoption of technology, particularly the use of
the internet, is identified as another critical factor influencing economic growth, as noted by
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Putri & Idris (2022) and Purnamasari & Amaliah (2023). In summary, the interaction between
capital investment, labor force dynamics, human resource quality, health, and technological
advancements collectively shapes the trajectory of economic growth.

Despite the extensive body of research on economic growth, previous studies have
yielded mixed results, particularly in the context of less-developed regions. Notably, there is
a significant gap in the literature, as existing research has largely overlooked the economic
growth potential of these regions, which are often included in the National Priority Areas
(DPN). Given the substantial development potential in less-developed regions, it is crucial to
explore the specific factors that drive their economic growth. This study aims to fill this gap by
examining the determinants of economic growth in less-developed regions, with a particular
focus on Indonesia. By employing a panel quantile regression approach, this research seeks
to provide a more nuanced and accurate analysis of the factors influencing economic growth.
The study will specifically investigate the roles of human development, internet usage, and
access to clean water in shaping economic outcomes in these regions. Through this approach,
the research addresses the critical need for tailored economic policies that can effectively
leverage the unique characteristics and potential of less-developed regions. By identifying
the key drivers of growth in these areas, the study aims to contribute to more equitable and
sustainable economic development strategies.

Literature Review

The Solow growth theory model first developed by Robert M. Solow in 1970
describes how economic growth in developing countries assumes that economic growth is
influenced by capital accumulation (savings and investment) labour (population growth),
and technological progress (Nurwanda & Rifai, 2018). According to Munguia et al. (2019),
technological progress is defined as a residual factor to explain long-term economic growth as
an exogenous variable that describes the efficiency of capital and labor. In capital efficiency,
the technology in question can be in the form of sophisticated machines or equipment used
in the production process., while in labor efficiency, technology can be interpreted as public
knowledge regarding the methods used during production activities. Varszegi (2018) added,
these methods are referred to as the level of education, health, or skills of the community in
production. Dietz & Rosa (1997) further stated that economic growth can be influenced by
capital, labor, and technological progress. The technology is not only sophisticated machine
tools but also socioeconomic factors that underlie it.

This study uses the Solow-Harrod neutral growth model which is one of the growth
models that corresponds to the economy in a steady state condition so that the equation is
written as,

Y =F(K,AL) (1)

Time is assumed to exist but not written. is labor efficiency. If using the assumption of
constant return to scale, the following equation is written,

AY = F(AK,AAL) (2)

Then both sides are divided by AL so the incentive production function becomes,

4 =F(Gn1) (3)
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y=1k) (4)

The Solow-Harrod neutral model of technological progress fits into the Cobb-Douglass
function.

F(K,AL) = K“(AL)"“ (5)

Based on equation 4, Jones (2002) explains Y is the combined output of physical capital
and human capital at constant returns to scale2. In Romer (1986) and Hall & Jones (1998) the
equation becomes,

Y(t) =K@)“[A@)HW] (6)
is labor-augmenting technology whose growth is exogenous at level.

The Solow growth model, asreferenced in equation 5, posits that technological progress
is an exogenous factor, specifically alabor-augmenting technology that grows at a constant rate.
This contrasts with the model proposed by Mankiw et al. (1992), which suggests that at any
given level of consumption, the addition of both physical and human capital is critical, akin to
Lucas’s (1988) assumption that the time invested in skill acquisition is comparable to students
attending school (Hall & Jones, 1998; Romer, 2012). Capital, in particular, plays a crucial role
in driving economic growth as it underpins production activities. Gross fixed capital formation
(GFCF), a key form of capital investment, encompasses expenditures on long-term capital
goods such as buildings, machinery, and infrastructure. As noted by Ugochukwu & Chinyere
(2013) and the Pemerintah Daerah Istimewa Yogyakarta (2018), GFCF is vital for fostering
an investment climate conducive to economic growth, particularly in the form of social and
economic infrastructure. Moreover, Zasriati (2022) emphasized that capital formation can be
instrumental in addressing less-developed regions, highlighting its importance in economic

policy.

The role of the population in economic growth is similarly significant, particularly
through the lens of population density, which influences economies of scale (Bere et al.,
2014; Darma, 2021; Zhang & Cheng, 2023). Adam Smith, as referenced by Deliarnov (2015),
considered population growth a factor that can enhance productivity by increasing the labor
force. This expansion in labor can lead to higher productivity levels, thereby contributing
to economic growth. However, the relationship between population growth and economic
outcomes is not unidirectional. Robert Malthus, in contrast to Smith, argued that excessive
population growth could lead to high unemployment rates, ultimately dampening economic
growth (Guo & Zhang, 2023; Mustika, 2011). This underscores the necessity of effective
population control measures to ensure that economic growth is sustained (Harjanto, 2021).
These varying perspectives highlight the complexity of the population-growth relationship
and suggest that nuanced policy interventions are required.

Technological progress is universally recognized as a critical driver of economic growth,
primarily through innovations that increase production efficiency while reducing labour
and capital costs (Coordinating Ministry for Economic Affairs of the Republic of Indonesia,
2021). However, technology encompasses more than just physical tools or equipment; it also
includes socioeconomic factors such as the Human Development Index (HDI), internet usage,
and access to clean water. These factors are particularly relevant in less-developed regions, as
they reflect the socioeconomic conditions that can either hinder or promote growth. A high
HDI, for example, indicates a well-developed human resource base, which can enhance labor
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productivity, drive innovation, and ultimately increase per capita income, leading to economic
growth (Mustain et al. 2023; Rahmawati, 2019). Similarly, the internet transforms business
operations by expanding market reach and reducing promotional costs, thereby maximizing
profits and stimulating economic activity (Lela et al., 2023; Liu & Feng, 2022). Access to clean
water, as emphasized by Tropp (2005) and the World Bank (2024b), is another critical factor
that supports productivity across all sectors and contributes to long-term economic and
environmental sustainability.

Empirical evidence supports the positive impact of these factors on economic growth.
For instance, studies by Manurung et al. (2022) and Zarkovic et al. (2022) found that GFCF
positively influences economic growth through panel regression analysis, while Thaddeus et
al. (2021) confirmed similar results using the ARDL method. Furthermore, Hadush et al. (2023)
demonstrated that population growth positively affects economic outcomes using dynamic
panel methods, with corroborating findings by Hasegawa & Hamori (2016) through BMA
analysis. The positive relationship between HDI and economic growth is also well-documented,
as shown in studies by Hutajulu et al. (2020) and Tampubolon et al. (2022) who used LSDV
methods and panel regression , respectively. Additionally, Purnamasari & Amaliah (2023)
identified a positive impact of internet usage on economic growth through OLS regression,
while Fridyansyah et al. (2023) demonstrated that access to clean water is similarly influential,
using panel regression tools.

In light of these findings, it is evident that a multifaceted approach is necessary to
drive economic growth in less-developed regions. Capital formation, population management,
technological progress, and socioeconomic infrastructure, such as HDI, internet access, and
clean water, are all critical components. Future research and policy should focus on integrating
these elements to create a holistic strategy for sustainable development.

Data and Research Methods

This study uses a descriptive method with a quantitative approach that aims to analysis
and test the effect of gross fixed capital formation (GFCF), population, Human Development
Index (HDI), internet usage, and access to clean water on economic growth in less-developed
regions in Indonesia in 2015-2022. The study utilizes secondary data sourced from BPS-
Statistics Indonesia, and the data analysis is performed using quantile panel regression.

The selection of research areas for this study is motivated by the observed disparity
in economic growth between less-developed regions and the national average in Indonesia.
While national economic growth has shown a consistent upward trend, the economic
performance in less-developed regions remains relatively low. This discrepancy presents an
intriguing area for further investigation, with the goal of achieving equitable welfare for all
Indonesian citizens. The study focuses on the period from 2015 to 2022, chosen based on the
Presidential Regulations of the Republic of Indonesia Number 131 of 2015, which designates
less-developed regions for the 2015-2019 period, and Number 63 of 2020, which extends this
designation for the 2020-2024 period. As of 2022, there are 62 districts and cities in Indonesia
classified as less-developed regions. From these 62 less-developed regions, a sample of 40
regions was selected for this study. The sampling was conducted using a systematic sampling
technique, where the sample was determined based on the completeness of available data.
Only 40 of the 62 regions met the criteria for data completeness, making them suitable for
inclusion in the research.
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Quantile panel regression, introduced by Koenker & Bassett (1978) in their work
“Econometrica” and further developed by Koenker (2004) in “Quantile Regression for
Longitudinal Data,” is employed as the primary data analysis technique. This method models
the relationship between dependent and independent variables by dividing the data into
specific quantiles, which are hypothesized to yield different estimates, thereby producing more
precise results (Li & Li, 2020). Unlike OLS regression, which provides a single estimate, quantile
panel regression offers multiple estimates based on the selected quantile levels (Flores et al.,
2014). This approach also has the advantage of not requiring classical assumptions, as it can
control for individual heterogeneity (Buhai, 2004). In this study, the estimation was conducted
multiple times to determine the appropriate number of quantiles, with the selected quantile
levels being 0.25, 0.50, and 0.75.

The study also incorporates three approaches to diagnose cross-sectional dependency
in the panel data, including the Pesaran test (2004), Friedman test (1937), and Frees test (1995,
2004). Cross-sectional dependency occurs when observations in panel data are interrelated,
leading to a situation where observations in one sector or unit are not entirely independent of
those in other sectors or units (Tugcu, 2018). Hoyos & Sarafidis (2006) noted that panel data
models often exhibit significant cross-sectional dependencies, which can result from factors
such as high correlations between cross-sections or the presence of unobserved components.
These dependencies can lead to inaccurate standard error calculations and biased or
inconsistent estimates. Baltagi (2005) emphasized the importance of testing for cross-sectional
dependency to ensure the accuracy of panel data model analyses. In this study, the Pesaran
test (2004) is employed to test the null hypothesis of no cross-sectional dependency, following
the framework provided by Damrah et al. (2022). The formula is written as follows:

op = ( TN(N2— 1)%”) (7)

— 2 N-1N ; : s
where P = < NIN—1) >ZH Si—ir10i0i 1S the correlation coefficient.

The Friedman test, introduced by Friedman (1937), is a non-parametric method used
to detect differences across multiple groups by analyzing the average Spearman correlation.
In panel data analysis, this test helps identify cross-sectional dependency, which occurs when
observations in different units are not independent, often due to shared factors. In this study,
the Friedman test is applied to ensure that the panel data model accurately accounts for any
dependency among observations. By identifying such dependencies, the analysis becomes
more reliable, providing stronger evidence on the factors influencing economic growth in less-
developed regions. The formula is written as follows:

-2  _gwign T (8)
Rmvc N(N_ 1) Zz:I Z,:wl'f'g

where 7; is the rank correlation coefficient.

Moreover, the Frees test proposed by Frees (1995, 2004) is based on coefficients
correlation ranking square with draft following.

Rzm = N(;\ffl) 21\2711 Z}V:i+l 7‘5’ (9)

Another potential issue in regression analysis is heteroscedasticity, which refers to
the non-uniformity of residual variance in the model. When heteroscedasticity is present,
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the variance of the residuals is inconsistent or changes with variations in the independent
variables. This inconsistency leads to biased and inaccurate estimation results (Panjawa &
Sugiharti, 2021; Widarjono, 2018). The second step, to detect heteroscedasticity in this study
is the Breusch-Pagan test, which is a widely used method to identify whether the assumption
of constant variance holds true.

Additionally, when working with time series data, it is crucial to examine for unit
root problems. A unit root indicates a stochastic trend or a random walk in the time series,
where deviations persist over time. If a time series contains a unit root, the model becomes
unpredictable and unreliable (Burdisso & Sangi’acomo, 2016). Identifying unit roots is essential
to distinguish variables that exhibit unstable long-term trends or stochastic behavior, which
could compromise the validity of the analysis (Shariff & Hamzah, 2015). The third step, In this
study, the CIPS (cross-sectionally augmented Im-Pesaran-Shin) unit root test, is applied to test
for stationarity. Proposed by Pesaran (2007), the CIPS test builds on the augmented Dickey-
Fuller model, with the null hypothesis assuming that the model is non-stationary. The formula
is written as follows:

CIPS = N 'y-.CADF (10)

where is a cross-sectional augmented Dickey-Fuller regression that can be written through
equality as following.

Ayy = ai+Biyi.t—1+601:A§t+811:A§t,1+5ﬁ (11)

The fourth step in the diagnostic testing process involves examining cointegration,
which refers to a long-term relationship between variables that may exhibit stationary
behavior (Anisa, 2010). Cointegration testing is crucial for understanding the enduring
connections between economic variables, as it provides more stable and consistent estimates
(Hjalmarsson & Osterholm, 2007). In this study, the Westerlund test (2005) is employed to
assess cointegration, with the null hypothesis suggesting the absence of cointegration. The
Westerlund test is advantageous because it typically produces normally distributed results and
accounts for short-term dynamic individual effects, individual trends, slope parameters, and
cross-sectional dependencies. Additionally, the Pedroni test (1999, 2004) is utilized, which is
based on a residual approach. This test calculates residuals from the cointegration regression
and applies distribution restrictions to the model, thereby enhancing its robustness.

Following the cointegration analysis, the next step is to estimate the panel model
to determine the most appropriate model to use. The Hausman test is conducted to decide
between a fixed effect model and a random effect model, with the null hypothesis favoring
the random effect model. Identifying the best panel regression model is essential for obtaining
accurate estimation results. Once the optimal panel model is selected, the study proceeds
with quantile panel regression, where different quantile levels are used to capture variations
in the data. The selected quantile levels in this study include 0.25, 0.50, and 0.75. According
to Koenker (2004), quantile panel regression is an extension of quantile regression, which
assumes that all quantiles (Y,) of the conditional distribution (v |z) are linear function of
(z). The quantile regression model is thus specified as follows. These steps ensure that the
analysis is both thorough and methodologically sound, allowing for a deeper understanding of
the relationships between variables and producing more reliable results. By carefully selecting
and applying the appropriate tests and models, the study enhances the robustness of its
findings and contributes to a more nuanced interpretation of economic dynamics.
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Y, (X)) =XB8,+u (i=1,2,...,n) (12)

where 0 < q < 1 is the quantile, 3, indicating the g-th quantile regression coefficient
and its estimator can be obtained from the equation below.

B, =argsmin(iq | yi— X8, [+ (1—q) | 4 — X8, 1) (13)

The application of quantile regression to panel data results in the development of a
guantile panel regression model. This advanced modelling approach allows for the estimation
of relationships between variables at different points in the conditional distribution of the
dependent variable, rather than focusing solely on the mean. By incorporating the panel
data structure, quantile panel regression offers a more nuanced analysis, capturing the
heterogeneity across different quantiles while accounting for the unobserved individual
effects that may influence the outcomes.

The quantile panel regression model is particularly useful in scenarios where the
impact of independent variables varies across the distribution of the dependent variable.
This method provides a comprehensive understanding of the data by revealing how these
effects differ at various quantiles, offering insights that traditional mean-based regression
models might overlook. As such, quantile panel regression is a powerful tool for exploring
complex economic relationships, making it highly relevant for studies aiming to uncover
differential impacts across various segments of the population or different levels of economic
performance.

The integration of quantile regression within the panel data framework thus enhances
the robustness and flexibility of the analysis, allowing researchers to derive more detailed and
accurate conclusions from their data. This approach is especially valuable in economic studies
where distributional effects are critical to understanding the full range of influences on key
outcomes, such as growth. The following is a general quantile panel model:

Y, (Xy)=a:+X.B,+u. (i=1,2,...,n;t=1,2,...,T) (14)

where @; indicates individual heterogeneity that does not change over time and w; exhibits
a random error term. Based on equation 8, estimate the parameters of the quantile panel
regression model can stated as follows:

—~ — argmin |
aq’ B'] N &g\/ﬂ-\l {27prq (y# - a’iu,» _X#Bq) + AZz | aiu,) |} (15)

where ZZ\Q,E is the final quantile regression estimator when A > 0 and Zz\q,z’\q is the fixed
effects quantile estimator when A = 0.

Empirical Model

This study employs Solow’s labor-augmenting production theory, which incorporates
technology (A) as an exogenous factor (Jones & Vollrath, 2013). The production function is
expressed as follows:

Y =F(K,AL) (16)

Y =K“(AL)" (17)

Building on the work of Hall & Jones (1998) , which assumes constant returns to scale
at time t, the production function is:
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Y(t)=K@)*[A()H(t)] ™ (18)

where K represents capital, A denotes technology that enhances labour efficiency, H s the
aggregate labor productivity across various skill levels, and ttt signifies continuous time. To
linearize this function, we take the natural logarithm:

InY,=alnK+1—a)lnH+1—a)lnA (19)

In this model, Y is proxied by gross regional domestic product (GRDP). According to
Hall & Jones (1998) and incorporating related studies, the proxies used include gross fixed
capital formation (GFCF) for capita (K) (Zarkovic et al., 2022). Total population (Hadush
et al., 2023); Human Development Index (HDI) (Tampubolon et al., 2022); internet usage
(Purnamasari & Amaliah, 2023); and access to clean drinking water (Fridyansyah et al., 2023)
for human capital ( H ). Thus, human capital is decomposed as follows:

H = f(population, HDI, int ernet usage, access to clean water) (20)

H = y.population + y.HDI + 7y ;int ernet usage + y 1access to clean water (21)

Based on the Solow residual concept, technology ( A) is estimated as the residual in
the equation. Consequently, the final form of the model is:

InGRDP = aIn GFCF + (1 — ) (77, In Population + (1 — @) v, In HDI +

22
(1 — @)7;1ninternet usage + 7.1nAccess to clean water) (22)

This approach provides a detailed analysis of economic growth by integrating various
proxies and capturing the effects of technological and human capital on output. Furthermore,
parameterization is carried out as follows: A =a;B.=1—a)y, ;B:s=0—a)y, ;
84 =1 _C?)V:s ; 85 =(1 —CZ)74

The following are the parameterization results of equation 22.

In GRDP, = 8,1n GFCF + B.1n Population, + 8:(q)In HDI +

23
B.In Internet usage + [51n Access to clean water (23)

Equation 23 is transformed into a quantile panel econometric model into,

InGRDP,(q) = 8,(q)In GFCF, + 8,(q)1In Population, + 8;(q)In HDI, +

24
B.(q)InInternet; + 85 (q)In Akses air minum bersih, + € (24)

The natural logarithm (In) transformation of the Log-Log model is performed because
the Solow growth model is a derivative of the Cobb-Douglas production function and to avoid
equation errors in interpreting the intercept coefficient. Another reason is to reduce excessive
data fluctuations, avoid heteroscedasticity, determine the coefficient that shows elasticity,
and bring the scale of the data closer (Kwakwa, 2023). Referring to research conducted by
Kwakwa (2023), Zahiripour (2023), Ali et al. (2024) and Taussig (2024), there is a need for data
transformation into the form of natural logarithms to produce more efficient and accurate
estimates. According to Nachrowi & Usman (2006), there are three types of natural logarithm
transformation models, as follows.

1. Log-Log model, the dependent variable and the independent variable are transformed
into natural logarithms.
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2. Log-Lin model, the dependent variable is transformed into the natural logarithm form
while the independent variable remains.

3. Lin-Log model, the independent variable is transformed into a natural logarithm while the
dependent variable is fixed.

The transformation into the natural logarithm form in equation 24 can also be written
as,
Ingrdp.(q) = @:(q) + B.(q)Ingfcf, + B.(q)Inpop, + B:(q)Inhdi, + (25)
B.(q)Innet; + Bs(q)Incwa, + €
Where:
Ingrdp : Gross Regional Domestic Product (logarithm natural).
Ing fcf : Gross Fixed Capital Formation (logarithm natural).
Inpop : population (logarithm natural).
Inhdi :Human Development Index (logarithm natural).
Innet :internet or internet usage (logarithm natural).

Incwa : clean water or access to clean water (logarithm natural).

15 : error term.
it : panel data (for cross-sections and for time series).
q : quantile.

Finding and Discussion
Diagnostic Test

Testing dependency cross sectoral through the Pesaran test approach (2004), Friedman
test (1937), and Frees test (1995, 2004) produces output as following. The null hypothesis
formulation is that there is no cross-sectoral dependence with the selected significance level
of a = 0.05. The test criteria state that H, is rejected if the probability value is < a. Based on
Table 4.2, in the Pesaran test, the probability value shows the number 0.000 < a 0.05. The
decision to reject H, means that the model has a dependence on cross-sectoral or cross-
section. While in the Friedman test the probability value shows the number 0.2731 > a 0.05.
Moreover, with the Frees test the statistical value is more than the critical value, which is
7.115 > 0.4325 (a 0.05). The decision to fail to reject H, means that the model does not have
a dependence on cross-sectoral or cross-sectional.

Table 1: Cross-sectional Dependence Test

Pesaran’s test = 9.804 0.0000
Friedman’s test = 43.858 0.2731*
Frees’ test =7.115 alpha=0.10: 0.3169*

alpha =0.05: 0.4325*
alpha=0.01: 0.6605*

Note: *significant a = 0.05
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Cross-section dependence testing in the Friedman test and the Frees test shows
that there is no cross-sectoral dependence. However, the Pesaran test shows cross-sectoral
dependence or cross-sectional dependence. If ignored, it will reduce the efficiency of panel
data. This can be caused by several reasons, such as the presence of unobserved common
factors, spatial correlation, or economic distance. Ignoring cross-sectional dependence in
panel data can interfere with the precise parametric value of the estimate. In this regard, unit
root testing is needed to produce efficient and accurate estimates (Damrah et al., 2022).

Second, the Breusch-Pagan/Cook-Weisberg test is employed for detecting
heteroscedasticity. This testing determines whether the variance of residuals is constant
across different levels of the independent variables. The null hypothesis is there is no
heteroscedasticity problem with a significance level of a = 0.05. The test criteria state that is
rejected if the probability value is > a. In Table 2, the results of the heteroscedasticity test show
that the chi square probability value is > a 0.05, which is 0.5373. The decision fails to reject
, Which means that there is no heteroscedasticity problem and the model is homoscedastic.
This shows that the residual variance in the model is constant so that it can estimate the
estimation results accurately and without bias.

Table 2: Heteroscedasticity Test

Breusch-Pagan/Cook-Weisberg Test for Heteroscedasticity
chi2(1) =0.38 Prob > chi2 =0.5373*
Note: *significant o = 0.05

The third step is unit root test. Based on the results of the Pesaran test which showed
cross-sectoral dependency, a unit root test was conducted to identify whether the model
was stationary or not. This means that the variables have an unstable trend and behave
stochastically or run at a constant level. The null hypothesis of the model is not stationary with
a significance level of a =0.01; 0.05; and 0.10. The test criteria state that is rejected if the CIPS
value < critical value. The requirement for a stationary model or one that does not contain a
unit root is that in testing the unit root of each variable, all variables must be stationary at the
same level.

Table 3: Unit Root Test

Varlable Intercept Intercept with Trend
Levels 1 *'Diff Levels 1 *'Diff
Ingrdp -2.251%** -2.508%*** + -2.403 -2.552
Ingfcf -2.018* -2.566%** + -2.697* -2.109
Inpop -3.178%** -5.611%** -5.714%** -5.969*** +
Inhdi -1.948 -3.344%*** -3.145%** -4.045%** +
Innet -2.059* -3.297*** -2.966*** -3.553%** +
Incwa -2.264%** -3.688*** -3.147%** -4.371%**

Note: ***CIPS < 0.01 (critical value -2.36); **CIPS < 0.05 (critical value -2.16); *CIPS < 0.10 (critical
value -2.05) on intercept; ***CIPS < 0.01 (critical value -3.00); **CIPS < 0.05 (critical value -2.75);
*CIPS < 0.10 (critical value -2.63) on intercept with trend; *selected first difference model.

Based on the results of the Pesaran test which showed cross-sectoral dependency, a
unit root test was conducted to identify whether the model was stationary or not. This means
that the variables have an unstable trend and behave stochastically or run at a constant
level. The null hypothesis of the model is not stationary with a significance level of a = 0.01,
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0.05, and 0.10. The test criteria state that H, is rejected if the CIPS value <critical value. The
requirement for a stationary model or one that does not contain a unit root is that in testing
the unit root of each variable, all variables must be stationary at the same level.

The last diagnostic test, cointegration testing is employed to explore the long-term
relationships between variables, even when these variables exhibit short-term fluctuations
that are independent of each other. This approach is crucial for producing more stable and
consistent estimates by identifying whether variables move together over the long term
despite their short-term volatility (Hjalmarsson & Osterholm, 2007). The null hypothesis
for cointegration testing posits that no cointegration exists among the variables, with a
significance level set at a = 0.05. According to the test criteria, the null hypothesis is rejected
if the p-value is less than a. As demonstrated in Table 4, the results from the Westerlund and
Pedroni cointegration tests yield p-values of 0.004 and 0.000, respectively, both of which are
below the significance level of 0.05. This indicates strong evidence against the null hypothesis,
leading to its rejection. Consequently, the results suggest the presence of cointegration,
affirming a significant long-term relationship between the variables under study.

Table 4: Cointegration Test

Testing Model Statistics Prob.
Westerlund 3.3368 0.0004*
Pedroni Modified Phillips—Perron 10.1474 0.0000%*

Phillips—Perron -12.3560 0.0000*
Augmented Dickey—Fuller -9.3868 0.0000*

Note: *significant o = 0.05

Result
Hausman test

Hausman test is utilized to determine the most suitable model for estimating panel
data, specifically whether the fixed effect or random effect model should be applied. The null
hypothesis of the Hausman test posits that the random effect model is appropriate, while the
alternative hypothesis suggests that the fixed effect model is more suitable. This hypothesis
is tested at a significance level of a = 0.05, with the criterion for rejecting the null hypothesis
being a p-value less than a. As presented in Table 5, the Hausman test results in a p-value
of 0.000, which is below the 0.05 threshold. This p-value leads to the rejection of the null
hypothesis, indicating that the fixed effect model is more appropriate for this analysis than the
random effect model. Consequently, the fixed effect model is selected as the most suitable
approach for panel data estimation. Given that the random effect model and common effect
model are deemed inappropriate, the Lagrange Multiplier test for model selection is not
necessary.

Table 5: Hausman test

chi2(5) =71.90 Prob > chi2 = 0.0000*
Note: *significant a = 0.05

Quantile Panel Regression

Quantile panel regression is employed to examine the impact of independent variables
across different quantiles, providing a more nuanced and accurate understanding of these
effects. Unlike ordinary least squares (OLS) regression, which estimates a single average effect,
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guantile panel regression evaluates the relationship between variables at multiple quantile
levels. This approach allows for the analysis of how variables influence different points of the
conditional distribution, thereby capturing a broader range of potential outcomes.

In this study, quantile panel regression is conducted at three quantile levels: 0.25, 0.50,
and 0.75. This methodology provides insights into the effects of the independent variables—
specifically, Ingfcf, Inpop. Inhdi, Innet, and Incwa across these quantile levels. Table 6 presents
the results of this quantile panel regression analysis, highlighting how the relationships
between the variables vary at each quantile level. This detailed examination facilitates a
deeper understanding of the variable effects and improves the precision of the output

Table 6: Quantile Panel Regression

0.25 0.50 0.75
Variables Coef. Prob. Coef. Prob. Coef. Prob.
Ingfcf 0.6940 0.000%** 0.6676 0.000%** 0.7635 0.000***
Inpop 0.1717 0.000*** 0.1626 0.000*** 0.0676 0.021%**
Inhdi 1.1719 0.000*** 0.5869 0.000*** 1.4184 0.000***
Innet 0.0053 0.014%** 0.0386 0.000*** -0.0140 0.718
Incwa 0.0219 0.000%*** -0.0313 0.005* 0.0323 0.372

Note: ***significant a = 0.01; **significant a = 0.05; *significant a = 0.10.

The estimation results presented in Table 6 reveal that the variable for gross fixed
capital formation (GFCF) denoted as Ingfcf has a positive and statistically significant impact
on economic growth in less-developed regions. The probability value of the z-statistic is less
than 0.05 (0.000) across all quantile levels—0.25, 0.50, and 0.75. Additionally, the positive
coefficient values for these quantiles are 0.6940, 0.6676, and 0.7635, respectively. These
results indicate that increases in GFCF are associated with enhanced economic growth at low,
medium, and high levels of economic growth in less-developed regions.

Similarly, the variable for population Inpop also demonstrates a positive and significant
effect on economic growth. The z-statistic probability values are 0.000 at the 0.25 and 0.50
quantile levels, and 0.021 at the 0.75 quantile level, all of which are below the significance
threshold of 0.05. The coefficient values for population are 0.1717, 0.1626, and 0.0676 at
the 0.25, 0.50, and 0.75 quantiles, respectively. This suggests that an increase in population
contributes positively to economic growth across various levels of economic activity in less-
developed regions.

The Human Development Index (HDI), represented by Inhdi, also has a notable and
significant positive effect on economic growth. The z-statistic probability values are 0.000
at all three quantile levels (0.25, 0.50, and 0.75), with positive coefficient values of 1.1719,
0.5869, and 1.4184, respectively. This indicates that higher HDI values are associated with
increased economic growth at all quantile levels in less-developed regions.

Internet usage (Innet) shows a positive and significant influence on economic growth
at the 0.25 and 0.50 quantile levels, with z-statistic probability values of 0.014 and 0.000,
respectively, and coefficient values of 0.0053 and 0.0386. This suggests that increases in
internet usage positively affect economic growth at low and medium levels. However, at the
0.75 quantile level, the z-statistic probability value is 0.718, indicating that internet usage
does not significantly impact economic growth at high levels.
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Finally, access to clean water (Incwa) presents mixed results. At the 0.25 quantile level,
it has a significant positive effect on economic growth, with a z-statistic probability value of
0.000 and a coefficient of 0.0219. Conversely, at the 0.50 quantile level, the effect is negative,
with a probability value of 0.005 and a coefficient of -0.0313, suggesting that increased access
to clean water may actually reduce economic growth at moderate levels. At the 0.75 quantile
level, the effect is not significant, as indicated by a z-statistic probability value of 0.372.

The diagnostic tests conducted in this study, including heteroscedasticity testing,
cointegration analysis, cross-sectional dependency tests, and unit root tests, collectively
affirm the robustness and reliability of the econometric models used. The Hausman test
provided additional validation by confirming the suitability of the fixed effect model over
alternative specifications, with a probability value indicating a clear preference for this model.
These rigorous diagnostic checks, including cross-sectional dependency and unit root tests,
collectively enhance the credibility of the findings, ensuring that the estimated effects of gross
fixed capital formation, population growth, Human Development Index, internet usage, and
access to clean water on economic growth are both robust and reliable. This comprehensive
approach supports the formulation of well-grounded policy recommendations based on
robust empirical evidence.

Discussion

The estimation results presented in Table 6 reveal a significant and positive impact
of gross fixed capital formation (GFCF) on economic growth across less-developed regions.
Specifically, increases in GFCF are associated with higher economic growth in regions with
low, moderate, and high levels of economic activity. For example, areas such as Tambrauw
Regency, Puncak Jaya, and South Sorong, which have low levels of economic growth with
an average gross regional domestic product (GRDP) of approximately 827.26billion rupiah,
benefit from increased GFCF. Similarly, regions with moderate economic growth, such as the
Bintang Islands, Mappi, and East Seram, with GRDP ranging from 1,656.32 billion rupiah, and
high-growth areas like the Aru Islands, Boven Digoel, East Sumba, and Bintuni Bay, boasting
a GRDP of 4,927.05 billion rupiah, also experience positive effects from GFCF. These findings
align with established hypotheses and theoretical expectations that capital investment drives
economic growth. The results corroborate previous research by Thaddeus et al. (2021),
Manurung et al. (2022), and Zarkovic et al. (2022) which demonstrated that increases in GFCF
lead to economic growth in various contexts including Cameroon, the European Union, and
Banten Province.

The positive impact of GFCF on economic growth is attributed to the inflow of additional
capital, which enhances economic activity through infrastructure development such as roads
and bridges. This investment not only improves accessibility but also encourages further
investment by providing a more attractive environment for investors (Ugochukwu & Chinyere,
2013). In less-developed regions with initially low to moderate economic growth, such as
Tambrauw Regency and the Bintang Islands, the effect of GFCF is particularly pronounced
due to the high dependence on central government funding and limited local revenue.
Increasing the GFCF budget in these areas could address infrastructure deficiencies and boost
local economic activity (Directorate General of Financial Balance, 2017). In regions with high
economic growth, such as the Aru Islands and East Sumba, enhanced GFCF continues to
spur economic development. The active involvement of district governments in promoting
regional potential and participating in innovation competitions has attracted more investment,
thereby increasing GFCF and improving infrastructure. This, in turn, enhances productivity
and economic growth (Saba, 2024).
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The results presented in Table 6 underscore the significant positive relationship
between population size and economic growth in less-developed regions. This effect is evident
across various levels of economic activity. For instance, in areas with low economic growth,
such as Tambrauw Regency, Puncak Jaya, and South Sorong—where Gross Regional Domestic
Product (GRDP) averages around 827.26 billion rupiah—an increase in population correlates
with enhanced economic performance. Similarly, regions experiencing moderate economic
growth, including the Bintang Islands, Mappi, and East Seram, with GRDP ranging from 1,656.32
billion rupiah, also show positive growth effects from rising population numbers. High-growth
areas like the Aru Islands, East Sumba, and Bintuni Bay, with GRDP averaging 4,927.05 billion
rupiah, further illustrate this trend. These findings align with previous research by Hasegawa
& Hamori (2016), Fridyansyah et al. (2023) and Hadush et al. (2023), which demonstrates the
positive impact of population growth on economic development in Bali, East Africa, and East
Asia, respectively. The results confirm the hypothesis that an increasing workforce contributes
to economic growth, supporting the theory that a larger population enhances productivity
and drives economic expansion.

Population growth serves as a proxy for workforce expansion, which directly influences
economic output. A larger population not only boosts production capabilities but also expands
market size, fostering higher consumer demand and stimulating economic activity (Darma,
2021). In less-developed areas with varying levels of economic growth, such as Tambrauw,
Mappi, and Teluk Bintuni Regencies, increasing the population could significantly enhance
economic prospects. Despite high birth rates, these regions often face challenges related to
geographical and topographical constraints, which limit habitation and reduce the available
labour force (Kusnandar, 2023). By boosting population numbers, these areas can better utilize
their potential, accelerate economic activities, and promote growth (Romdiati et al., 2019).

The Human Development Index (HDI) has been proven to have a positive and significant
effect on economic growth based on Table 6. Every increase in the HDI will increase economic
growth both in less-developed areas with low economic growth levels with GRDP values
ranging from 827.26 billion rupiah, including in Tambrauw Regency, Puncak Jaya, and South
Sorong. The level of economic growth is moderate with a range of 1,656.32 billion rupiah,
namely in the Bintang Islands, Mappi, and East Seram. As well as a high level of economic
growth with a range of 4,927.05 billion rupiah such as the Aru Islands, East Sumba, and Bintuni
Bay. This is in accordance with research conducted by Hasegawa & Hamori (2016) where the
HDI positively influences economic growth in East Asia. Likewise with research conducted by
Manurung et al. (2022) and Purnamasari & Amaliah (2023) which shows that a significant
increase in the HDI can increase economic growth successively both in Banten Province and
on a national scale, namely throughout Indonesia.

The reason why the increasing HDI can also increase economic growth in less-
developed areas is because there is an increase in the quality of life, income, education, and
health of the community as a benchmark for the HDI value. According to Tampubolon et al.
(2022), increasing income indicates that the economy in the area is running well. High levels
of education and health mean that accessibility and public awareness of the importance
of education and health are also good, so it can be interpreted that the quality of human
resources is high. Mustain et al. (2023) added that the high quality of human resources affects
labor productivity through innovation and creativity by creating effective and efficient systems,
techniques, and equipment in economic activities so that productivity increases and increases
economic growth rates.
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Tambrauw, Puncak Jaya, and South Sorong Regencies as less-developed areas with
low levels of economic growth are directly proportional to the low HDI value. This is because
the number of teachers in the area is very lacking so that teaching and learning activities do
not run smoothly (Sucahyo, 2023). Meanwhile, in less-developed areas with moderate and
high levels of economic growth such as the Bintang Islands Regency, East Seram, East Sumba,
and Bintuni Bay, the increase in the HDI value is also directly proportional to the increase
in economic growth. This is because the increase in school participation rates indicates that
many residents have received education (Papua Provincial Government, 2017b).

The results presented in Table 6 highlight the positive and significant impact of
internet usage on economic growth, particularly in less-developed regions. The influence of
internet usage is notably significant in areas with low and moderate economic growth. For
instance, in regions such as Tambrauw Regency, Puncak Jaya, and South Sorong, with GRDP
values around 827.26 billion rupiah, as well as in the Bintang Islands, Mappi, and East Seram,
where GRDP ranges from 1,656.32 billion rupiah, increased internet usage is associated with
enhanced economic performance. These findings corroborate the theoretical expectation that
internet usage positively affects economic growth. They also align with the research of Putri
& Idris (2022) and Purnamasari & Amaliah (2023), which demonstrated that greater internet
accessibility boosts economic development in Indonesia.

The internet, as a tool for rapid communication and information transfer, significantly
transforms business operations. It enables manufacturers to source raw materials globally
with ease and facilitates market expansion and reduced promotional costs, thereby optimizing
profits (Purnamasari & Amaliah, 2023; Putri & Idris, 2022). Additionally, consumers benefit
from improved access to goods and services, further accelerating economic activities and
growth (Nasution & Rachmawati, 2020). In less-developed areas with low to moderate
economic growth, such as Tambrauw Regency, Puncak Jaya, and Mappi, expanding internet
access represents a substantial opportunity for economic enhancement. Addressing internet
service gaps, or “blank spots,” can spur entrepreneurial activities and broaden market reach,
ultimately fostering rapid economic development (Katingka, 2024; Nasution & Rachmawati,
2020).

Conversely, in regions experiencing high economic growth, such as the Aru Islands,
Boven Digoel, East Sumba, and Bintuni Bay—where GRDP reaches approximately 4,927.05
billion rupiah—the impact of internet usage on economic growth is less pronounced. This
finding is consistent with Abdillah (2023), which suggests that, despite the high economic
output, the optimal utilization of internet resources remains limited. Residents in these areas
primarily use the internet for communication rather than for business purposes, indicating that
the full potential of internet-driven economic benefits is yet to be realized (Papua Provincial
Government, 2017a). Thus, while internet access contributes to economic growth, its benefits
are maximized when coupled with effective utilization for business and market expansion.

The quantile panel regression results presented in Table 6 reveal that access to clean
water exerts a positive and significant influence on economic growth in less-developed regions
with low economic growth levels. Specifically, in areas such as Tambrauw Regency, Puncak
Jaya, and South Sorong, which have a GRDP of approximately 827.26 billion rupiah, increased
access to clean water correlates with enhanced economic growth. This finding supports
the established hypothesis that access to clean water impacts economic development. The
results are consistent with prior studies by Fridyansyah et al. (2023) and Thalib et al. (2023),
which indicate that improvements in access to clean water contribute to economic growth by
elevating living standards and boosting productivity.
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Clean water is a crucial natural resource that supports various economic activities,
including industry, agriculture, fisheries, and tourism. Its availability directly affects public
health and productivity, thereby influencing economic performance. In less-developed regions
with low economic growth, enhanced access to clean water can lead to significant economic
benefits. This improvement often reflects an increase in living standards, which contributes
to overall economic growth. Given the challenging geographical conditions in these regions,
expanding access to clean water can drive economic development from low to higher levels
(Fridyansyah et al., 2023; Thalib et al., 2023).

Conversely, the impact of access to clean water on economic growth in regions with
moderate economic growth levels—such as the Bintang Islands, Mappi, and East Seram,
which have a GRDP of around 1,656.32 billion rupiah—is notably negative. In these areas,
increased access to clean water can actually detract from economic growth. This adverse
effect is attributed to the limited availability of water sources and the associated costs of
procuring water, particularly during the dry season, which can range from IDR 480,000 to IDR
1,200,000 per month (Wahana Visi Indonesia, 2023). The high costs of water access can place
a financial burden on households, potentially detracting from economic growth.

In regions with high economic growth, such as the Aru Islands, East Sumba, and Bintuni
Bay—where the GRDP is approximately 4,927.05 billion rupiah—increased access to clean
water does not significantly impact economic growth. This is because clean water in these
areas is primarily used for basic household needs, such as bathing, cooking, and washing,
rather than for agricultural activities. As these regions rely on river irrigation for agriculture,
the demand for clean water for economic activities is relatively low, limiting its effect on
economic growth.

Conclusion

The findings of this study highlight the significant effects of gross fixed capital formation
(GFCF), population size, Human Development Index (HDI), internet usage, and access to clean
water on economic growth in less-developed regions. Specifically, GFCF, population growth,
and HDI consistently exhibit positive and significant impacts on economic growth across low,
medium, and high levels of economic activity. Increases in these variables are associated with
enhanced economic performance, supporting established economic theories and previous
research.

Internet usage positively influences economic growth at low and moderate levels but
shows no significant effect at high levels of economic growth. Conversely, access to clean
water has a nuanced impact: it significantly boosts economic growth in regions with low
economic activity but exhibits a negative effect in regions with moderate economic growth. In
high-growth areas, access to clean water does not significantly affect economic performance.

The results underscore the need for targeted policy interventions to foster economic
growth in less-developed regions. Governments should prioritize investments in GFCF,
including infrastructure development such as roads, bridges, and internet connectivity. These
investments are crucial for stimulating economic activity and attracting further investment.
Moreover, enhancing population growth through education and healthcare improvements
can drive economic expansion by increasing productivity and market demand.

For regions with low economic growth, improving access to clean water is vital as
it contributes significantly to economic development. However, in areas with moderate
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economic growth, policymakers should address the high costs associated with water access
to avoid potential negative economic impacts. In high-growth regions, focusing on optimizing
the use of internet resources and exploring other areas of economic potential could yield
better results.

This study is limited by the availability and scope of data, which restricts the ability
to generalize findings beyond the sampled regions. The analysis is based on a subset of less-
developed areas rather than the entire population, which may impact the comprehensiveness
of the results. Additionally, the study does not account for potential variables such as tourism
or alternative measures of population dynamics, which could influence economic growth.

Future research should consider expanding the dataset to include a broader range
of less-developed regions to enhance the generalizability of the findings. Incorporating
additional variables, such as tourism activity or employment metrics, could provide deeper
insights into the factors influencing economic growth. Furthermore, exploring alternative
research methodologies may refine the estimation results and yield more robust conclusions.
Investigating the interplay between different variables and their cumulative effects on
economic growth could also offer valuable perspectives for policy formulation and regional
development strategies.

Originality

Research on the determinants of economic growth in less-developed regions remains
scarce, typically focusing on individual regions or areas without providing a comprehensive
analysis of multiple less-developed regions as a whole. Furthermore, there is a notable absence
of studies employing the quantile panel regression method to explore these determinants.
This method, which segments data into specific conditional quantiles, offers more accurate
estimations and better reflects the actual conditions of the study areas.

This study addresses these gaps by utilizing the quantile panel regression approach,
which is relatively novel in Indonesia. By applying this method, the research provides a more
precise analysis of economic growth determinants across a broader range of less-developed
regions. The selected variables are carefully chosen to represent the key issues faced by these
regions. Consequently, the study’s findings are expected to make a significant contribution to
the formulation of government policies, offering insights that are both accurate and relevant
to the specific challenges encountered by less-developed regions in Indonesia.

Declaration

In this section, we declare that this research: (1) No conflict of interest (2) Availability
of data and material, (3) Authors’ contributions, (4) Funding Source and (5) Acknowledgments

Confilict of Interest

We declare that there is no conflict of interest.

Availability of Data and Materials

All data used in this paper are publicly available (BPS-Statistics Indonesia).
Author’s Contribution

Conceptualization, writing draft and writing-review by all authors; Data curation by
First author; Supervision and Methodology by Second author; Visualization and Validation by

124



Journal of Developing Economies Vol. 10, No.1 (2025): 106-131

Third author; Format analysis and editing by Fourth author. All authors have read and agreed
to the published version of the manuscript.

Funding Source
This research received no funding.
Acknowledgment

Authors would like to thank the reviewers for giving insightful comments to improve the article
and thank the journal editor for formatting the article accordingly.

References

Abdillah, K.(2023). Pengaruh Digitalisasi dan Variabel-Variabel Ekonomiterhadap Pertumbuhan
Ekonomi di Asia. Journal of Economics Development STIE Muhammadiyah Palopo, 9(1),
17-27. https://doi.org/10.35906/jep.v9i1.1368

Ali, A., Ramakrishnan, S., Faisal, F., Bazhair, A. H., Sulimany, H. G. H., & Rahman, S. U. (2024).
Does Escaping The Natural Resource Curse Complement Evading The Financial Resource
Curse Too? Empirical Evidence from Indonesia. International Review of Economics &
Finance, 91, 539-555. https://doi.org/10.1016/j.iref.2024.01.023

Anisa. (2010). Penggunaan Uji Kointegrasi pada Data Kurs IDR terhadap AUD. Journal of
Mathematics, Statistics, And Computers, 7(1), 23-33. https://doi.org/10.20956/jmsk.
v7i1.3365

Ministry of National Development Planning/ National Development Planning Agency Badan
Perencanaan Pembangunan Nasional. (2023). Produk Domestik Regional Bruto (PDRB).
Badan Perencanaan Pembangunan Nasional. Accessed 12 Juni 2024. https://data.go.id/
home

Badan Pusat Statistik. (2023). Neraca Ekonomi. Badan Pusat Statistik. Diakses pada 12 Juni
2024 dari https://www.bps.go.id/id/statistics-table?subject=531

Baltagi, B. H. (2005). Econometric Analysis of Panel Data 3rd ed. Southern Gate: John Wiley &
Sons Ltd.

Bandung City Government. (2016). Kurangnya Pertumbuhan Infrastruktur Dasar Menyebabkan
Daerah Tertinggal. Portal Bandung. Accessed 12 Juni 2024. https://www. bandung.go.id/
news/read/844/kurangnya-pertumbuhan-infrastruktur-dasar-menyebabkan-daerah-
tertinggal

Bere, R. C., Otoiu, A., & Bucerzan, |. (2014). Determinants of Economic Growth in Cities Acting
as Growth Poles in Regions from Romania. Procedia Economics and Finance, 10(14), 357—
365. https://doi.org/10.1016/52212-5671(14)00415-8

Buhai, S. (2004). Quantile Regression: Overview and Selected Applications. Ad-Astra-The
Young Romanian Scientists’ Journal, 4(February), 1-20.

Burdisso, T., & Sangi’acomo, M. (2016). Panel Time Series : Review of The Methodological
Evolution. The Stata Journal, 2, 424—-442. https://doi.org/10.1177/1536867X1601600210

Coordinating Ministry for Economic Affairs of the Republic of Indonesia. (2021). Kemajuan
lImu Pengetahuan dan Teknologi untuk Mendorong Pertumbuhan Ekonomi dan Inovasi.

125



Malik, F., Panjawa, J. L.,| Economic Growth and Its Determinants in Less-Developed Regions: A
Islami, F. S. & Sugiharti, R. R. | Panel Quantile Approach

Kementerian Koordinator Bidang Perekonomian Republik Indonesia. Accessed 12 Juni
2024. https://www.ekon.go.id/publikasi/detail/3150/kemajuan-iptek-untuk-mendoro
ng-pertumbuhan-ekonomi-dan-inovas

Coordinating Ministry for Economic Affairs of the Republic of Indonesia. (2022). Tren Positif
Pertumbuhan Ekonomi Indonesia Terus Berlanjut di Tengah Upaya Menjaga Momentum
Pemulihan Ekonomi. Kementerian Koordinator Bidang Perekonomian Republik
Indonesia. Accessed 12 Juni 2024. https://ekon.go.id/publikasi/detail/4541/tren-
positif-pertumbuhan-ekonomi-indonesia-terus-berlanjut-di-tengah-upaya-menjaga-
momentum-pemulihan-ekonomi

Damrah, S., Satrovic, E., Atyeh, M., & Shawtari, F. A. (2022). Employing the Panel Quantile
Regression Approach to Examine the Role of Natural Resources in Achieving Environmental
Sustainability: Does Globalization Create Some Difference? Mathematics, 10(4795),
1-19. https://doi.org/10.3390/math10244795

Darma, B. (2021). Pengaruh Jumlah Penduduk Terhadap Pertumbuhan Ekonomi Kabupaten
Tebo Tahun 2016-2020. Jurnal Citra Ekonomi, 2(1), 86—92.

Deliarnov. (2015). Development of Economic Thought. Jakarta: Rajawali Pers.

Dietz, T., & Rosa, E. A. (1997). Effects of Population and Affluence on CO2 Emissions. Proceedings
of the National Academy of Sciences of the United States of America, 94(1), 175-179.
https://doi.org/10.1073/pnas.94.1.175

Directorate General of Financial Balance. (2017). Portal Data APBD. Kementerian Keuangan.
Accessed 12 Juni 2024. https://djpk.kemenkeu.go.id/portal/data/apbd

Fajariah, M., & Suryo, D. (2020). Sejarah Revolusi Industri di Inggris Pada Tahun 1760-
1830. HISTORIA : Jurnal Program Studi Pendidikan Sejarah, 8(1), 77-94. https://doi.
org/10.24127/ hj.v8i1.2214

Flores, C. A., Flores-Lagunes, A., & Kapetanakis, D. (2014). Lessons From Quantile Panel
Estimation of the Environmental Kuznets Curve. Econometric Reviews, 33(8), 815—853.
https://doi.org/10.1080/07474938.2013.806148

Frees, E. W. (1995). Assessing Sross-sectional Correlation in Panel Data. Journal of Econometrics,
69, 393-414.

Frees, E. W. (2004). Longitudinal and Panel Data: Analysis and Applications in the Social
Sciences. Cambridge: Cambridge University Press.

Fridyansyah, R.W., Erza, O., & Mandai, S. (2023). Identifikasi Determinan Pertumbuhan Ekonomi
Provinsi Bali. Jurnal Ekonomi Trisakti, 3(2), 3049-3058. https://doi.org/10.25105/]et.
v3i2. 17089

Friedman, M. (1937). The Use of Ranks to Avoid the Assumption of Normality Implicit in the
Analysis of Variance. Journal of the American Statistical Association,32, 675—-701.

Guo, H., & Zhang, Z. (2023). An Empirical Study of Factors Influencing Australia’s GDP. Atlantis
Press, 101, 581-586. https://doi.org/10.2991/978-94-6463-042-8 83

Hadush, M., Gebregziabher, K., & Biruk, S. (2023). Determinants of Economic Growth in East
African Countries : A Dynamic Panel Model Approach. Cogent Economics & Finance,
11(2), 1-22. https://doi.org/10.1080/23322039.2023.2239629

126



Journal of Developing Economies Vol. 10, No.1 (2025): 106-131

Hall, R. E., & Jones, C. I. (1998). Why Do Some Countries Produce So Much More Output per
Worker Than Others? National Bureau of Economic Research. https://doi.org/10.3386/
w6564

Harjanto, T. (2021). Kebijakan Kependudukan Dan Pertumbuhan Ekonomi. CENDEKIA Jaya,
3(1), 39-59. https://doi.org/10.47685/cendekia-jaya.v3il.126

Hasegawa, H., & Hamori, S. (2016). Determinants of Economic Growth in East Asia: A BMA
Approach: Development Challenges for Low and Middle-Income Asia. Moving Up the
Ladder, 29-38. https://doi.org/10.1142/9789814725170_0002

Heryani, N. (2021). Pengembangan Teknologi Panen Air Hujan untuk Memenuhi Kebutuhan
Domestik di Indonesia. Jurnal Sumberdaya Lahan, 15(2), 117-129. https://doi.org/10.
21082/jsdl.v15n2.2021.117-129

Hjalmarsson, E., & Osterholm, P. (2007). Testing for Cointegration Using the Johansen
Methodology when Variables are Near-Integrated. IMF Working Paper 7(141). https://
doi.org/10.1007/s00181-009-0294-6

Hossain, M. S., & Mitra, R. (2013). The Determinants of Economic Growth in Africa : A Dynamic
Causality and Panel Cointegration Analysis. Economic Analysis and Policy, 43(2), 217-226.
https://doi.org/10.1016/5S0313-5926(13)50019-1

Hoyos, R. E. De, & Sarafidis, V. (2006). Testing for Cross-sectional Dependence in Panel-Data
Models. The Stata Journal, 4, 482—-496.

Hutajulu, D. M., Panjawa, J. L., Islami, F. S., & Sugiharti, R. R. (2020). Determinan Pertumbuhan
Ekonomi Berkelanjutan Wilayah Induk dan Pemekaran di Kawasan Timur Indonesia.
Jurnal Ekonomi Dan Bisnis, 23(2), 263—284. https://doi.org/10.24914/jeb.v23i2.3293

Jones, C. . (2002). Sources of U.S. Economic Growth in a World of Ideas. American Economic
Review, 92(220-2309).

Jones, C. ., & Vollrath, D. (2013). Introduction to Economic Growth: Third International Student
Edition. New York: W. W. Norton & Company.

Katingka, N. (2024). Permasalahan Jaringan Internet di Papua Mananti Penuntasan.
Kompas. Accessed 12 Juni 2024. https://www.kompas.id/baca/nusantara/2024/03/05/
permasalahan-jaringan-internet-di-papua-mananti-penuntasan

Ministry of Finance of the Republic of Indonesia. (2021). Strategi Kebijakan Pemulihan Ekonomi
Nasional (PEN). Direktorat Jenderal Kekayaan Negara. Accessed 12 Juni 2024. https://
www.djkn.kemenkeu.go.id/artikel/baca/13287/Strategi-Kebijakan-Pemulihan-Ekonomi-
Nasional.html

Koenker, R. (2004). Quantile Regression for Longitudinal Data. Journal of Multivariate Analysis,
91(1), 74-89. https://doi.org/10.1016/j.jmva.2004.05.006

Koenker, R., & Bassett, G. (1978). Econometrica. The Econometric Society, 46(1), 33-50.
https://doi.org/https://doi.org/10.2307/1913643

Kusnandar, V. B. (2023). Kabupaten Supiori Memiliki Penduduk yang Paling Sedikit se-Indonesia.
Databoks. Diakses pada 12 Juni 2024 dari https://databoks.katadata.co.id/datapublish/
2023/04/28/kabupaten-supiori-memiliki-penduduk-yang-paling-sedikit-se-indonesia

127



Malik, F., Panjawa, J. L.,| Economic Growth and Its Determinants in Less-Developed Regions: A
Islami, F. S. & Sugiharti, R. R. | Panel Quantile Approach

Kwakwa, P. A. (2023). Sectoral Growth and Carbon Dioxide Emission in Africa: Can Renewable
Energy Mitigate The Effect? Research in Globalization, 6(100130), 1-11. https://doi.
org/10.1016/j.resglo.2023.100130

Lela, C., Kharimah, Hilmi, M., Muzdhalifah, & Pratama, G. (2023). Analisis Dampak Penggunaan
Internet Terhadap Pertumbuhan Ekonomi. Jurnal Aplikasi lmu Ekonomi, 2(2), 40—48.

Li, C., & Li, G. (2020). Does Environmental Regulation Reduce China’s Haze Pollution? An
Empirical Analysis Based on Panel Quantile Regression. PLOS ONE, 15(10), 1-14. https://
doi.org/10.1371/journal.pone.0240723

Liu, X., & Feng, J. (2022). The Impact of Internet Economy on Economic Growth. /IE
Annual Conference and Exposition 2022, pp.158-162. https://doi.org/https://doi.
org/10.2991/978-94-6463-036-7_24

Lucas, R. E. (1988). On the Mechanics of Economic Development. Journal of Monetary
Economics, 1(22), 3-42. https://doi.org/10.1016/0304 3932(88)90168-7

Mankiw, N. G., Romer, D., & Weil, D. N. (1992). A Contribution to The Empirics of
Economic Growth. The Quarterly Journal of Economics, 2(107), 407—-437. https://doi.
org/10.2307/2118477

Manurung, W., Fajar, M., & Noviar. (2022). Determinan Pertumbuhan Ekonomi di Provinsi
Banten.Jurnal Kebijakan Pembangunan Daerah, 6(2),125-133. https://doi.org/10.56945/
jkpd.v6i2.184

Munguia, R., Davalos, J., & Urzua, S. (2019). Estimation of the Solow-Cobb-Douglas Economic
Growth Model with A Kalman Filter: An Observability-Based Approach. Heliyon, 5(6),
€01959. https://doi.org/10.1016/j.heliyon.2019.e01959

Mustain, A., Patra, |. K., & Maming, R. (2023). Pengaruh Human Development Index (HDI)
Terhadap Pertumbuhan Ekonomi Luwu Raya. Efektor, 10(1), 54-62. https://doi.org/
10.29407/e.v10i1.19359

Mustika, C. (2011). Pengaruh PDB dan Jumlah Penduduk Terhadap Kemiskinan di Indonesia
Periode 1990-2008. Jurnal Paradigma Pembangunan, 1(4), 12-23. https://doi.org/
https:// doi.org/10.22437/paradigma.v0iOktober.57

Nachrowi, N. D., & Usman, H. (2006). Pendekatan Populer dan Praktis Ekonometrika Untuk
Analisis Ekonomi dan Keuangan. Jakarta: Lembaga Penerbit Fakultas Ekonomi Universitas
Indonesia.

Nasution, D. M., & Rachmawati, I. (2020). Pengaruh Internet Service Provider Quality (ISP
Quality) Terhadap Loyalitas Pelanggan dengan Internet Usage Rate sebagai Moderator
pada Indihome di Kota Medan. EProceedings of Management, 7(1), 365—-372. https://
open librarypublications.telkomuniversity.ac.id/index.php/management/article/
view/11653%0Ahttps://openlibrarypublications.telkomuniversity.ac.id/index.php/
management/article/viewFile/11653/11518

Nurwanda, A., & Rifai, B. (2018). Diagnosis Pertumbuhan Ekonomi dan Output Potensial
Indonesia. Kajian Ekonomi Dan Keuangan, 2(3), 177-194. https://doi.org/10.31685/ kek.
v2i3.385

Panjawa, J. L., & Sugiharti, R. R. (2021). Pengantar Ekonometrika Dasar. Magelang: Pustaka

128



Journal of Developing Economies Vol. 10, No.1 (2025): 106-131

Rumah Clnta.

Papua Provincial Government. (2017a). Mahasiswa Diajak Gunakan Internet Secara Positif.
Pemerintah Provinsi Papua. Accessed 12 Juni 2024. https://papua.go.id/i ndex.php/view-
detail-berita-5091/mahasiswa-diajak-gunakan-internet-secara-positif.html

PapuaProvincial Government.(2017b). Pemerintah ProvinsiKlaim Pelayanan Bidang Pendidikan
Alami Peningkatan. Pemerintah Provinsi Papua. Accessed 12 Juni 2024. https://www.
papua.go.id/index.php/view-detail-berita-4531/pemprov-klaim-pelayanan-bidang-
pendidikan-alami-peningkatan.html

Pedroni, P. (1999). Critical Values for Cointegration Tests in Heterogeneous Panels with Multiple
Regressors. Oxford Bulletin of Economics and Statistics, 61(S1), 653—670. https://doi.
org/10.1111/1468-0084.0610s1653

Pedroni, P. (2004). Panel Cointegration: Asymptotic and Finite Sample Properties of Pooled
Time Series with An Application to The PPP Hypothesis. Econometric Theory, 20(3), 597-
625. https://doi.org/10.1017/50266466604203073

Pemerintah Daerah Istimewa Yogyakarta. (2018). PMTB, Faktor Penting Dorong Pertumbuhan
Ekonomi. Pemerintah Daerah Istimewa Yogyakarta. Diakses pada 12 Juni 2024 dari
https://jogjaprov.go.id/berita/pmtb-faktor-penting-dorong-pertumbuhan-ekonomi

Peraturan Presiden Republik Indonesia Nomor 131 Tahun 2015 Tentang Penetapan Daerah
Tertinggal Tahun 2015-2019, 1 (2015).

Peraturan Presiden Republik Indonesia Nomor 63 Tahun 2020 tentang Penetapan Daerah
Tertinggal Tahun 2020-2024, Kementerian Sekretariat Negara 1 (2020). https://jdih.
setkab. go.id/PUUdoc/176108/Perpres_Nomor_63_Tahun_2020.pdf

Pesaran, M. H. (2004). General Diagnostic Tests for Cross Section Dependence in Panels.
Cambridge Working Papers in Economics No. 0435.

Pesaran, M. H. (2007). A Simple Panel Unit Root Test in The Presence of Sross-section
Dependence. Journal of Applied Econometrics, 22(2), 265-312. https://doi.org/10.1002/
jae.951

Purnamasari, ., & Amaliah, I. (2023). Pengaruh Indeks Pembangunan Manusia, Inflasi,
dan Akses Internet Terhadap Pertumbuhan Ekonomi Indonesia Tahun 2013-2022.
BandungConference Series: Economics Studies, 3(1), 251-258. https://doi.org/10.29313/
bcses.v3il.7094

Putri, R. G., & Idris. (2022). Analisis Pertumbuhan Ekonomi Pengguna Internet dan Konsumsi
Energi Listrik di Indonesia. Jurnal Kajian Ekonomi Dan Pembangunan, 3(4), 73-80. http://
ejournal.unp.ac.id/students/index.php/epb/index

Rahmawati, Y. O. (2019). Analisis Pengaruh Indeks Pembangunan Manusia (IPM), Tingkat
Partisipasi Angkatan Kerja (TPAK), dan Pengeluaran Pemerintah di Sektor Kesehatan dan
Pendidikan Terhadap Pertumbuhan Ekonomi di Indonesia Periode 1995-2017. Jurnal
limiah, 1-12.

Romdiati, H., Surtiari, G. A. K., Kusumaningrum, D., Prasojo, A. P. S., & Katherina, L. K. (2019).
Orang Asli Papua, Kondisi Sosial Demografi Dan Perubahannya. Jakarta: Yayasan Pustaka
Obor Indonesia.

129



Malik, F., Panjawa, J. L.,| Economic Growth and Its Determinants in Less-Developed Regions: A
Islami, F. S. & Sugiharti, R. R. | Panel Quantile Approach

Romer, D. (2012). Advanced Macroeconomics. New York: McGraw-Hill.

Romer, P. M. (1986). Increasing Returns and Long-Run Growth. The Journal Of Political
Economy, 5(94), 1002—-1037.

Russ, J., Zaveri, E., Desbureaux, S., Damania, R., & Rodella, A.-S. (2022). The Impact of Water
Quality on GDP Growth: Evidence from Around The World. Water Security, 17, 100130.
https://doi.org/10.1016/j.wasec.2022.100130

Saba, C. (2024). Kabupaten Kupang Raih Sembilan Inovasi. Radio Republik Indonesia. Diakses
pada 12 Juni 2024 dari https://www.rri.co.id/daerah/701127/kabupaten-kupang-raih-
sembilan-inovasi

Shariff, N. S. M., & Hamzah, N. A. (2015). A Robust Panel Unit Root Test in the Presence of
Cross Sectional Dependence. Journal of Modern Applied Statistical Methods Article,
14(2), 159-171. https://doi.org/10.22237/jmasm/1446351180

Sucahyo, N. (2023). Lebih 600 Ribu Anak Papua Tak Sekolah, Apa yang Salah? VOA Indonesia.
Diakses pada 12 Juni 2024 dari https://www.voaindonesia.com/a/lebih-600-ribu-anak-
papua-tak-sekolah-apa-yang-salah-/7153107.html

Sukirno, S. (2011). Makroekonomi Teori Pengantar Edisi Ketiga (3rd ed.). Jakarta: Rajawali Pers.

Tampubolon, E. G., Irvan, M., & Hartono, D. (2022). Determinan Pertumbuhan Ekonomi
Kabupaten/Kota Provinsi Jawa Timur Tahun 2014-2020. Journal of Applied Business and
Economic (JABE), 9(1), 68—80. https://doi.org/10.30998/jabe.v9i1.14711

Taussig, R. D. (2024). Pension Expenses, Risk, and Implications for Stock Returns. Finance
Research Letters, 61(January), 105016. https://doi.org/10.1016/j.frl.2024.105016

Thaddeus, K. J., Ngong, C. A., Nebong, N. M., Akume, A. D., Eleazar, J. U., & Onwumere, J. U.
J. (2021). Selected Macroeconomic Determinants and Economic Growth in Cameroon
(1970-2018) “Dead or Alive” an ARDL Approach. Journal of Business and Socio-Economic
Development, 4(1), 1-19. https://doi.org/10.1108/JBSED-05-2021-0061

Thalib, B., Mala, S., & Kamal, M. (2023). Pengaruh Pembangunan Infrastruktur Terhadap
Pertumbuhan Ekonomi di Kota Ternate. Jurnal Ekonomi Pembangunan Unkhair, 14(1),
1-13.

Todaro, M. P., & Smith, S. C. (2011). Pembangunan Ekonomi Edisi Sebelas (11th ed.). Jakarta:
Erlangga.

Tropp, H. (2005). Making Water a Part of Economic Development: The Economic Benefits of
Improved Water Management and Services. Stockholm International Water Institute
(SIWI).  https://siwi.org/publications/making-water-a-part-of-economic-development-
the-economic-benefits-of-improved-water-management-and-services/

Tugcu, C. T. (2018). Chapter 8 - Panel Data Analysis in the Energy-Growth Nexus (EGN). The
Economics and Econometrics of the Energy-Growth Nexus, 1, 255-271. https://doi.
org/10.1016/B978-0-12-812746-9.00008-0

Ugochukwu, U. S., & Chinyere, U. P. (2013). The Impact of Capital Formation on the Growth of
Nigerian Economy. Research Journal of Finance and Accounting, 4(9), 36—43.

United Nation. (2023). Promote Sustained, Inclusive and Sustainable Economic Growth, Full

130



Journal of Developing Economies Vol. 10, No.1 (2025): 106-131

and Productive Eployment and Decent Work for All. Department of Economic and Social
Affairs Sustainable Development. https://sdgs.un.org/goals/goal8

Varszegi, B. (2018). On The Convergence and The Steady State in A Delayed Solow Model.
IFAC-PapersOnline, 51(14), 94-99. https://doi.org/10.1016/j.ifacol.2018.07.205

Vedia-Jerez, D. H., & Chasco, C. (2016). Long-Run Determinants of Economic Growth in South
America. Jurnal of Appied Economics, 19(1), 169-192. https://doi.org/10.1016/5S1514-
0326(16)30007-1

Wahana Visi Indonesia. (2023). Krisis di Sumba Barat Daya, Tempuh Jarak 6 Km Demi Air
Bersih. Wahana Visi Indonesia. Diakses pada 12 Juni 2024 dari https://wahanavisi.org/
id/media-materi/media/detail/krisis-di-sumba-barat-daya-tempuh-jarak-6-km-demi-air-
bersih

Wau, T, Sarah, U. M., Pritanti, D., Ramadhani, Y., & lkhsan, M. S. (2022). Determinan
Pertumbuhan Ekonomi Negara ASEAN : Model Data Panel. Jurnal Samudra Ekonomi &
Bisnis, 13(2), 163—176. https://doi.org/10.33059/jseb.v13i2.5205.

Westerlund, J. (2005). New Simple Tests for Panel Cointegration. Econometric Reviews, 24(3),
297-316. https://doi.org/10.1080/07474930500243019

Widarjono, A. (2018). Ekonometrika Pengantar dan Aplikasinya Disertai Panduan Eviews Edisi
Kelima. Yogyakarta: UPP STIM YKPN.

World Bank. (2024a). GDP Growth (Annual %). The World Bank. https://data.worldbank.org/
indicator/NY.GDP.MKTP.KD.ZG?view=chart

World Bank. (2024b). Water Overview: Development News, Research, and Data. The World
Bank. https://www.worldbank.org/en/topic/water/overview

Zahiripour, S. A. (2023). A natural logarithm sliding mode controller for stochastic time-
delay systems. European Journal of Control, 73, 100882. https://doi.org/10.1016/].
ejcon.2023.100882

Zarkovic, M., Cetkovic, J., Redzepagic, S., Durovic, G., Vujadinovic, R., & Zivkovic, A. (2022).
Economic Growth Determinants in New and Old EU Countries with Focus on Construction.
Technological and Economic Development of Economy, 28(6), 1622-1648. https://doi.
org/10.3846/tede.2022.17598

Zasriati, M. (2022). Analisis Pengaruh Tingkat Pendapatan Perkapita dan Pembentukan Modal
Terhadap Perekonomian Di Provinsi Jambi Tahun 2016-2020. A/ Fiddhoh: Journal of
Banking, Insurance, and Finance, 3(1), 41-50. https://doi.org/10.32939/fdh.v3i1.1134

Zhang, Y., & Cheng, L. (2023). The Role of Transport Infrastructure in Economic Growth:
Empirical Evidence in The UK. Transport Policy, 133, 223-233. https://doi.org/10.1016/j.
tranpol.2023.01.017

131



	Abstract
	Introduction
	Literature Review
	Data and Research Methods
	Empirical Model

	Finding and Discussion
	Diagnostic Test
	Result
	Hausman test
	Quantile Panel Regression

	Discussion

	Conclusion
	Originality

	Declaration
	Conflict of Interest
	Availability of Data and Materials
	Author’s Contribution
	Funding Source
	Acknowledgment

	References

