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 The Environmental Phillips Curve (EPC) is understood as an effort to highlight the relationship 
between environmental quality and unemployment. research testing the relationship variations in 
the spatial influence of unemployment, regional income, human development, electricity 
consumption, population growth and pandemic-year dummy on environmental degradation in 
Indonesia within the EPC concept framework. This study uses the Geographically Weighted Panel 
Regression method. The GWPR method is used to show variations in the influence between 
independent and dependent variables across the characteristics of each province in Indonesia. 
GWPR test results, the variables of unemployment, human development, and electricity 
consumption can reduce environmental degradation in Indonesia, with varying levels of 
significance across provinces. Regional income and population growth increases environmental 
degradation in Indonesia. This indicates that the EPC concept has been proven in Indonesia but 
varies by province, depending on each province's economic structure. The findings of this study 
are that the EPC is proven in regions whose economies rely on the extractive sector, mining, 
manufacturing industry, transportation, and tourism. These findings imply that employment and 
environmental policies should be tailored to regional economic structures, promoting green 
employment in extractive regions and accelerating low-carbon industrial transformation in 
manufacturing- and service-based provinces. 
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1. Introduction 

 

Indonesia faces challenges in realizing development that increases employment opportunities without compromising 
environmental sustainability. Although the open unemployment rate has declined since 2022, this indicator does not fully 
capture improvements in labor market conditions. During the same period, the number of workers laid off increased 
significantly, from 25,114 in 2022 to 80,303 in 2023, representing a 220% increase over the year. This increase in layoffs was 
concentrated on the island of Java, particularly in the provinces of West Java (31,866 cases), Central Java (21,707 cases), and 
Banten (17,009 cases) (Kemnaker, 2025). This phenomenon indicates that the decline in the open unemployment rate is partly 
due to increased labor absorption in the informal sector, and thus does not fully reflect improvements in the quality of the 
national labor market. At the same time, Indonesia's total greenhouse gas (GHG) emissions increased during the 2019–2023 
period, with significant spatial variation across provinces (Bappenas, 2023). Regions whose economic structures are 
dominated by the industrial, mining, and plantation sectors tend to have higher emission levels than provinces whose economic 
activity is dominated by sectors with relatively low emission intensity. This condition indicates that increased economic 
activity aimed at expanding employment opportunities is accompanied by increasing pressure on environmental quality. 
Environmental degradation is a strategic issue in sustainable development, particularly in developing countries. Population 
growth, industrialization, urbanization, and the expansion of economic activity have increased the exploitation of natural 
resources and energy consumption, ultimately driving increased greenhouse gas emissions and environmental 
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degradation (Anser et al., 2021; Sahin et al., 2025). In Indonesia, the industrial, transportation, mining, and land-use change 
sectors are major contributors to greenhouse gas emissions. Therefore, economic growth needs to be balanced with policies 
that maintain environmental sustainability to support the achievement of SDGs, goals 8 and 13 (Decent Work and Economic 
Growth, and Climate Action). 

The relationship between economic activity and environmental quality was first explained by the concept of the Environmental 
Kuznets Curve (EKC). Further developments gave rise to the concept of the Environmental Phillips Curve (EPC) by Kashem 
& Rahman (2020) through the integration of environmental dimensions into the classical Phillips Curve. EPC is a concept 
about the influence of unemployment and environmental degradation. Higher unemployment tends to reduce production, 
energy consumption, and carbon emissions, thereby alleviating environmental pressure. Conversely, policies that stimulate 
economic growth and employment may intensify environmental degradation unless accompanied by green technologies, 
energy efficiency, and renewable energy adoption (Sahin et al., 2025). 

Numerous studies have examined the EPC hypothesis, but the empirical evidence remains mixed. Some studies have shown 
that rising unemployment is correlated with reduced environmental degradation, attributed to reduced production activity and 
energy consumption, thus supporting the validity of the EPC hypothesis (Tariq et al., 2022; Haciimamoğlu, 2023). In contrast, 
other studies report that the relationship is not always significant, especially in countries that have adopted environmentally 
friendly technologies, renewable energy, and stricter environmental regulations, so that economic growth is no longer 
synonymous with increased emissions (Koyuncu Çakmak et al., 2023; Ayad and Djedaiet, 2024). In addition to 
unemployment, regional income, human development, and energy consumption have been shown to influence environmental 
quality, although the direction and magnitude of these influences vary across countries and regions (Hussain and Dey, 2021; 
Acheampong and Opoku, 2023). 

Despite the growing EPC literature, several gaps remain. First, empirical evidence from Indonesia is limited despite its 
substantial regional diversity in economic structure, employment, and environmental quality. Second, most studies rely on 
global regression models that overlook spatial heterogeneity. Third, little attention has been given to regional differences in 
the unemployment–environment relationship across extractive, manufacturing, trade, and service-based economies. These 
gaps highlight the need for spatially explicit analyses to produce more context-specific policy recommendations. 

To address these research gaps, this study employs the Geographically Weighted Panel Regression (GWPR) method to 
analyze the spatial effects of unemployment, regional income, human development, and electricity consumption on 
environmental degradation in Indonesia. Unlike conventional panel regression models, GWPR can estimate local parameters, 
thereby identifying differences in the relationships between variables across provinces based on their regional characteristics. 
Thus, this study not only expands the empirical development of the Environmental Phillips Curve through a spatial perspective 
but also provides a basis for the formulation of more specific employment and environmental policies according to the 
characteristics of each region. 

2. Review of literature 

2.1 Relationship Between Unemployment And Environmental Degradation (EPC) 

The Environmental Phillips Curve (EPC) is a new concept developed by Kashem & Rahman (2020) that extends the 
traditional Phillips curve by incorporating environmental quality into the relationship between unemployment and 
macroeconomic performance. The EPC concept was developed based on panel data from OECD member countries and 
developing countries in Asia to explain the relationship between unemployment and environmental degradation. The 
framework suggests that expansionary monetary and fiscal policies aimed at reducing unemployment may simultaneously 
increase environmental pressures through higher carbon emissions, air pollution, and resource exploitation. Therefore, 
macroeconomic stabilization policies should be evaluated not only for their employment effects but also for their 
environmental consequences to support long-term sustainable development (Sahin et al., 2025) 

Kashem and Rahman (2020) hypothesize an inverse correlation between environmental degradation, particularly CO2, and 
unemployment rates, similar to the pattern observed in the Phillips Curve. Unemployment originating in the industrial sector 
has the potential to lead to long-term CO2 reductions, thus potentially validating the existence of the EPC. They also use 
economic growth and trade as determinants of carbon emissions in modeling the relationship between unemployment and the 
environment. (Bhowmik et al., 2022) explain the need to include additional variables in environmental research, such as 
industrial production, energy consumption, and economic policy uncertainty. Within environmental economics, 
environmental degradation and unemployment are linked through EPC. Essentially, this curve suggests that efforts to increase 
environmental degradation can lead to higher unemployment rates or slower economic growth (Sahin et al., 2025). 

The research of (Yavuz et al., 2024), based on long-term analysis and examining the validity of the EPC in Turkey, detected 
a positive relationship between unemployment and environmental degradation. Tariq et al. (2022) explain that rising 
unemployment rates in South Asia reduce income and production, thereby decreasing economic activity and causing 
environmental degradation. Haciimamoğlu (2023) explains that the EPC hypothesis is validated in 11 developing countries 
that make the largest contribution to global GDP. In other words, increasing unemployment reduces environmental pollution. 
The results of Azimi & Rahman (2024) research show a significant negative relationship between unemployment and CO₂ 
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emissions in both the short and long term. These results validate the EPC hypothesis in the G7 countries. These findings 
indicate the importance of innovative strategies for aligning CO2 emission reduction policies with labor market sustainability. 

Research by Shastri et al. (2023) differentiates between the environmental effects of male and female workers. Their study's 
findings demonstrate that a trade-off exists between male employment and pollution control: reducing CO₂ emissions can be 
achieved at the expense of male employment. Meanwhile, female unemployment results in a smaller decline in environmental 
quality, in the long run, there is no bidirectional relationship between female employment and environmental degradation. 
The EPC hypothesis is not always proven in every country. Research by Koyuncu Çakmak et al. (2023) finds that the 
Environmental Phillips Curve (EPC) hypothesis is invalid in high-income (developed) countries, in both the short and long 
term, because increases in unemployment do not reduce pollution but instead worsen it. This condition is thought to be related 
to the implementation of clean energy, environmentally friendly technology, and effective pollution control policies. Ayad & 
Djedaiet (2024) found that unemployment positively impacts environmental load capacity, thereby improving environmental 
status. 

2.2 The Relationship Between Regional Income and Environmental Degradation (EKC) 

Grossman and Krueger described an inverted U-shaped curve in environmental degradation and economic growth which led 
to the hypothesis of the Environmental Kuznets Curve (EKC) in 1995. Low-income societies have a high level of dependence 
to meet the needs of consumption. They have no incentives to fund pollution controls and, therefore, continue to pollute the 
environment. In the process of consumption, societies neglect the future and exhaustively deplete the environment using 
technology to intensively exploit the available resources and end up damaging the environment (Kuznets, 1955). 

Prior to the 1980s, most economic growth models considered technology as an exogenous variable in the system. The models 
from the post-1980 period began to consider technology as an endogenous variable, however, natural resource constraints 
were ignored. The process of development and industrialization results in large consumption of natural resources and the 
accumulation of waste. A positive correlation exists between growth in per capita income and per capita environmental 
degradation during this phase. However, with the expansion of the service sector, technological improvements, and 
broadening of information, the economy's material basis shrinks and environmental degradation declines (Kaika and Zervas, 
2013). Economic conditions, commonly represented by Gross Regional Domestic Product (GRDP) or economic growth, 
significantly influence environmental quality. Acheampong and Opoku (2023); and Yusuf (2023) report that growth has a 
positive, significant effect on the deterioration of environmental quality. 

2.3 The Relationship Between Human Development and Environmental Degradation 

In the context of the Sustainable Development Goals (SDGs) and the 2013 Human Development Report, taking the 
environmental dimension in consideration expanding on the work of the social component of sustainable development and 
the Human Development Index (HDI) as a target is the measuring framework of well-being to be achieved. Soeparno et 

al. (2024) consider human development (HDI) as an important factor of the index of environmental degradation. Therefore, 
the improved quality of the population plays a role in the mitigation of the environmental devastation. 

Several studies (Jain and Nagpal, 2019; Hussain and Dey, 2021; Javaheri et al., 2024) have investigated the Environmental 
Kuznets Curve (EKC) by utilizing the Human Development Index (HDI) as a composite indicator. An advanced level of 
human development fosters environmental sustainability; specifically, within this framework, CO2 emissions eventually reach 
a threshold beyond which they begin to decline. 

2.4 The Relationship Between Energy Consumption and Environmental Degradation 

Energy consumption is intrinsically linked to environmental quality. The utilization of non-renewable energy drives 
greenhouse gas emissions and accelerates the exploitation of natural resources, thereby exacerbating environmental 
degradation. For instance, empirical evidence highlights that fossil-fuel-derived energy significantly compromises climate 
stability, particularly in South Asian countries (Tariq et al., 2022). Conversely, renewable energy consumption effectively 
reduces the ecological footprint, serving as a viable substitute for conventional, non-renewable energy sources  (Anser et al., 
2021). Additionally, recent studies have shown that the transition to renewable energy can improve environmental quality and 
have no harmful impacts on unemployment levels (Anser et al., 2021; Yavuz et al., 2024). Consequently, an economic 
development policy grounded in clean energy use can address environmental challenges in a sustainable manner. This leads 
us to the conclusion that the government can help motivate the creation of renewable energy projects and help mitigate existing 
environmental pressures while sustaining employment. 

2.5 The Relationship Between Population and Environmental Degradation 

According to Anser et al. (2021) the negative impact of population growth on the environment is two-fold. First, population 
growth leads to increased consumption and a subsequent increase in the negative impact on the environment caused by the 
economic activities of a growing population. Second, as the Sahin et al. (2025) pollution study on ten high pollution countries 
(including Indonesia) suggests, population growth causes an increase in the demand for energy and an increase in 
environmental degradation. Adjusting population sizes by both prevention and intervention means will help relieve the 
pressure from natural resources and help alleviate declines in quality of life (Unat, 2020). Uncontrolled population growth 
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creates severe problems such as rising unemployment and poverty, environmental degradation, and shrinking of the 
environment's carrying capacity. Hence, all serious development plans must incorporate demographic factors (Ehrlich, 2017). 

3. Research Methodology 

The type of research conducted is explanatory research, with the aim of testing whether there is a relationship between the 
independent and dependent variables (Caraka, 2017). This study uses the GWR model. The GWR model is a variation of local 
linear regression, in which each observation point can have different parameter estimates based on the spatial characteristics 
of its location (Fotheringham et al., 2002). 

3.1 Data 

This study relies on secondary data. Secondary data is data in numerical form using a period (Sekaran and Bougie, 2017). 
This study employs panel data from 34 provinces in Indonesia for the period 2018–2023. The data sources come from the 
Central Statistics Agency (BPS) and the Ministry of Environment and Forestry (KLHK). 

3.2 Sample and Population 

The sample size was determined using appropriate sampling techniques to minimize potential bias in the study. The selected 
sample must accurately represent the characteristics of the population. The population in this study comprised 38 Indonesian 
provinces. The sampling method used was purposive sampling. Purposive sampling is a deliberate sampling method, meaning 
that researchers consciously select specific participants for inclusion in the study based on their quality (Sekaran and Bougie, 
2017). The sample used was 34 established provinces. This criterion was applied because the research period was 2018-2023, 
while the four new provinces were officially established in 2024. Therefore, four new provinces were eliminated from the 
research data. 

3.3 Data Analysis Methods 

The GWR model can be viewed as a form of local linear regression, allowing each observation location to have different 
parameter estimates based on its spatial characteristics. GWR is a regression method that allows regression coefficients to 
depend on the geographic location of the observation (Fotheringham et al., 2002). Panel regression is also used to analyze 
panel data, including both temporal and spatial observations. Employing the GWPR method, this research analyzes panel data 
that combines a six-year time series with cross-sectional data across provinces in Indonesia. Constructing the GWPR model 
includes specifying the model, which consists of three options: fixed effect model (FEM), random effect model (REM), or 
common effect model (CEM). This selection is influenced by the outcome of the Hausman and Chow tests on the global 
regression. Following is the specification of each classical assumption test involving the Shapiro-Wilk test for normality, the 
Breusch-Godfrey test for autocorrelation, the Breusch-Pagan test for heteroscedasticity, and a multicollinearity test gauged 
by the Variance Inflation Factor (VIF) value. Fotheringham et al., (2002) explain that, unlike most classical assumption tests 
of Ordinary Least Squares (OLS), the GWPR method has some flexibility with respect to type I assumption. This is because 
the GWPR method, unlike OLS, incorporates spatial weights with the principle of Weighted Least Squares (WLS) for each 
observation. Thus, among the tests, only the Breusch-Pagan test of heteroscedasticity remains important as a necessary 
precondition to GWPR. 

The validity of the GWPR application was assessed using the Weighted Least Squares (WLS) method, which incorporates 
spatial weights for each observation. To assess spatial heterogeneity, the Breusch-Pagan test is used. The GWPR model can 
be written as follows (Fotheringham et al., 2002):  

    i = 1,2, ..., N; t=1,2,..T  
 

Description: 
 ��� : The corrected mean value of the dependent variable for observation i at time t ����   : The adjusted mean of the k-th predictor variable for the i-th observation at time t. ���	� , ���      : Constant value at the i-th observation ���	� , ���       : The regression coefficient value of the adjusted average of the k-th independent variable in the i-th observation. �	�, ��� : The spatial coordinates of observation i 
p : number of independent variables 
�� : Random error  

 
The variables influencing environmental degradation, as proxied by change GHG emissions in this study (Δ����, are 
unemployment (UNEMP), regional income (GDP), human resource quality (HDI), energy consumption, as proxied by 
electricity distribution to the entire community (ENE), population growth (POP) and Pandemic-year dummy (D). These 
research variables, when integrated into the GWPR model, become: 

 Δ����� � ���	� , ��� � ���	� , ���������� � ���	� , �������� � ���	� , �������� � ���	�� , ��������� � ���	�� , ����� ���� �!�	�� , �������� 
�� 
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In GWPR modeling, it is assumed that observations close to point i (a province in Indonesia) have a greater influence on the 
parameter estimates (slope coefficients for that province over a given time period) than observations located farther from that 
point. Parameter estimation in GWPR is performed by assigning weights to each observation based on its distance from point 
i (Danlin et al., 2021).  

According to (Fotheringham et al., 2002) the estimator for the local regression coefficient in GWPR is as follows: 
 �#�	�, ��� � �$%&�	� , ���$�'�$%&�	�, ���(          
 

where �#�	� , ��� � )�#��, �#��, �#��, … , �#�+,%
 represents the vector of local regression coefficients, and &�	� , ��� represents a 

diagonal matrix with geographic weights for the data for the i-th observation with main diagonal elements, and off-diagonal 
elements of zero. Matrix notation for local parameter � is shown with the following structure: 
 

� - ���	� , ��� ���	�, ��� �+�	�, ���⋮ ⋮ ⋮���	/, �/� ���	/, �/� �+�	/, �/�0           

 
Following the parameter estimation process, the subsequent stage involves constructing the spatial weights for the GWPR 
model. These weights quantify the spatial distances between regions and the degree of proximity among observation units. In 
the GWPR framework, the weight matrix is denoted as Wij and is derived from a kernel function. Fotheringham et al. (2002) 
classify these kernel functions into three primary forms: 
 
1. Gaussian Kernel Function  

 

W23 � exp 7− �� 9:;<= >�?�
             

 
The Gaussian kernel function is mathematically structured based on the normal distribution curve, where d23denotes the 
Euclidean distance between coordinate points, calculated as follows: 
 

A�B � C)	� − 	B,�)�� − �B,�
            

 
The terms (	� − 	B� and (�� − �B� represent the differences in geographic coordinates between province i and province j, 
while b denotes the optimal, non-negative bandwidth. 
 
2. Bisquare Kernel Function 

 

W23 � D71 − 9:;<= >�?�
0

, if d23 < b, other            

 
The bi-square kernel function is a continuous spatial weighting function that provides a smooth distance-decay effect. It 
assigns non-zero weights within a maximum range of b from the i-th region and yields a value of zero for any distance 
exceeding this threshold. 
 
3. Tricube Kernel Function 

 

W23 � D71 − 9:;<= >�?�
0

, if d23 < O, PQℎST            

The Tricube kernel function has the same equation as the Bisquare kernel function with a difference in the power value. 

Having established the spatial weights using the kernel function, one is now able to determine the bandwidth. One way to 
determine the optimal bandwidth is the AIC method. The optimal bandwidth is obtained by minimizing the value of AIC. The 
AIC formula (Fotheringham et al., 2002) is as follows: 

U�VW � 2 Y ZP[\ �]� � Y ZP[\�2^� � Y � QT�_�Y − 2 − QT�_�  
where n is the sample size, σ is the estimated standard deviation of the error term, and tr(S) is the trace of the hat matrix which 
is a function of the bandwidth. 
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Having established the bandwidth, the next step is to evaluate the fit of the GWPR model by assessing the simultaneous fit of 
the model parameters and by performing a Goodness-of-Fit test. The purpose of this test is to evaluate if the GWPR model is 
significantly better than global regression. Once this test is completed, the following statistical test formula is applied: 
 Fabcb2ab2d � eefghi�jk�/mnkeefghi�jo�/mnp               

Explanation: __�����  = yT (1-H)T (1-L)y __�����  = yT (1-H) y, where H = (XT X)-1 XT Aq�   = 
rkp�rp  , where s�= tr�t�1 − L�v�1 − L�2w�, i = 1, 2, 3, 4 ... Aq�   = n – p – 1  

 
H0 is rejected if  Fstatistic < F�'x;mnk;mnp  
H1 accepted if Fstatistic > F�'x;mnk;mnp , distribution of Fstatistic accompanied by an F-distribution with degrees of freedom df1, df2 
where, if Fabcb2ab2d yields a small p-value, the alternative hypothesis (H₁) becomes the more appropriate choice, indicating that 
the Geographically Weighted Panel Regression (GWPR) model demonstrates a superior goodness-of-fit compared to the 
global regression model. H0 is rejected if Fabcb2ab2d < F�'z,{kp{p,�/'+'��. Upon obtaining the parameter estimates, their statistical 

significance is evaluated at the local level through a partial test, formulated as follows: 
 V � t�$′&�	�� , ����$�w'�$%&�	�� , ����         

 

Subsequently, a partial statistical test is conducted to evaluate the significance of individual parameters, defined as follows: 

Qabcb2ab2d � }~���k,�k���√W��       

The final stage involves model selection, utilizing the coefficient of determination (R²) as the primary criterion. Consequently, 
the model exhibiting the highest R² value is identified as the most appropriate fit. 
 
4. Operational Definitions  

 
Environmental Degradation: The deterioration of environmental quality caused by one or more natural or human-induced 
factors that affect and damage ecosystems. In this study, the data observed for environmental degradation are the greenhouse 
gas emission data for all the provinces of Indonesia for 2018-2023, expressed in tons of CO2e (Source: The Ministry of 
Environment and Forestry of the Republic of Indonesia). 
  
Unemployment: Individuals of working age that are considered job seekers, as they do not currently have a job. In this study, 
the unemployment variable uses data on the Indonesia Openly Unemployed Population aged 15 years and older, by province, 
from 2018-2023, and is measured in thousands (Statistics Indonesia/BPS). 
  
Regional Income: All money that the regional government will receive in the following fiscal year and that is expected to 
increase its net worth. In this study, the regional revenue variable uses Gross Regional Domestic Product (GRDP) data based 
on 2010 constant prices. GRDP used at constant prices will remove inflation, therefore we ensure that changes in GRDP are 
not solely a result of price changes. Statistics Indonesia (BPS). 
 
Human Development: the process of improving the community's quality of life through the development of fundamental 
human capabilities, such as health, education, and a decent standard of living. In this study, human development is proxied 
by the Human Development Index (HDI) at the provincial level, measured in index units. Statistics Indonesia (BPS). 
 
Energy Consumption: The total energy usage for a system, process, or entity during a given time period. Data on the 
distribution of electricity to the public through the provinces from 2018 to 2023 are reported in the gigawatt-hour (GWh). 
Source: Ministry of Energy and Mineral Resources of the Republic of Indonesia.  
 
Population Growth: The percent change in the population of a province over one year. This study uses the annual growth rate 
data for the population from Statistics Indonesia (BPS). 
 
Pandemic Dummy: The model includes a pandemic dummy variable (Crisis), which controls for external shocks that may 
have occurred during the years under analysis (2018 – 2023). This variable is set to zero for observations within the COVID-
19 pandemic years (2019 and 2020), and one for observations outside these years. 
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5. Research And Discussion 

 
Table 1 explains the average value of the ΔGHG variable of 40,253, meaning that the average value of greenhouse gas 
emissions in 34 provinces in Indonesia is 40,253 tons of CO2 equivalent (CO2e). The minimum value is -39,891 tons of 
CO2e, and the maximum is 420,997 tons of CO2e, with a standard deviation of 71,861.51, indicating that the data vary. A 
negative GHG emission value does not mean that GHG emissions were actually negative. It means that GHG emissions were 
less than they were during the reference period. Thus, a value of −39,891 indicates a reduction of 39,891 units in GHG 
emissions in 2020 relative to the reference period. This substantial decline in 2020 coincided with temporary disruptions to 
economic activity and mobility during the pandemic. During this time, there were changes in both energy consumption and 
GHG emissions due to disruptions in the mobility, transportation, and industrial production, and other economic activities. In 
the unemployment variable (UNEMP), the average result is 192,264, meaning that the average value of the number of 
unemployed people in Indonesia is 192,264 people, with the lowest value being 473 people and the highest being 2,185,465 
people, with a standard deviation of 366329.9, meaning the data varies. Regional income has an average value of 332,352 
meaning that, in constant prices, regional income across 34 provinces in Indonesia is 332,352 billion rupiah. The minimum 
value of regional income is 25,034 billion rupiah, and the maximum is 2,050,473 billion rupiah, with a standard deviation of 
471,769.8, meaning the data varies. The HDI has an average of 72.19, indicating that the average human resource quality 
value in 34 provinces in Indonesia is 72.19. The minimum value of the HDI is 60.06, the maximum value of the HDI is 83.55, 
and the standard deviation of 3.979211, indicating that the data is less varied. The average energy consumption is 7,587.8 
GWh, meaning that the average value of electricity distributed across 34 provinces in Indonesia is 7,587.8 GWh. The 
minimum value is 183.3, the maximum is 58,564.3, and the standard deviation of 12,554.3, indicating that the data vary. The 
average growth rate of the population is 1.547, which means that the population of Indonesia grew by 1.547% each year for 
34 provinces. There is a 4.130 maximum growth value and a 0.380 minimum growth value. The low variability in population 
growth is represented by a standard deviation of 0.6012365. During the pandemic year, the mean value is 0.6667 with a 
minimum value of 0.0000 and a maximum value of 1.000. The standard deviation of 0.4725642 also shows low variability of 
the data. 
 

Table 1 

Descriptive Statistics 
Variabel Observasi Min Mean Max Std. Dev 

ΔGHG 204 -39891 40253 420997 71861.51 
UNEMP 204 473 192264 2185465 366329.9 

GDP 204 25034 332352 2050473 471769.8 
HDI 204 60.06 72.19 83.55 3.979211 
ENE 204 183.3 7587.8 58564.3 12554.3 
POP 204 0.380 1.547 4.130 0.6012365 

D 204 0.0000 0.6667 1.0000 0.4725642 
Source: Data processed by researchers, 2026 

 
Before conducting the GWPR model analysis, the first step was to determine the best global regression model.  
 
Table 2  

Global REM Regression Test  
Variabel Estimate Std. Error t-value p-value 

UNEMP -3.3046e-02 1.4168e-02 -2.3324 0.019679 
GDP 1.4778e-01 5.4700e-02 2.7016 0.006901 
HDI -2.3129e+03 1.7658e+03 -1.3098 0.190264 
ENE -3.3740e+00 2.0549e+00 -1.6419 0.100610 
POP 1.4906e+03 6.4816e+03 0.2300 0.818118 
D -1.6664e+03 5.1712e+03 -0.3222 0.747265 
R-Squared 0.081338 

Source: Processed RStudio data, 2026 

 
Table 3  

Global FEM Regression Test 
Variabel Estimate Std. Error t-value p-value 

UNEMP -3.9550e-02 1.4307e-02 -2.7644 0.006355 
GDP 2.4172e-01 1.0832e-01 2.2316 0.026998 
HDI -1.1581e+03 2.2316e+03 -0.5190 0.604489 
ENE -1.1813e+01 4.0012e+03 -2.9523 0.003617 
POP 2.6375e+03 6.7283e+03 0.3920 0.695562 
D 2.0109e+03 5.2548e+03 0.3827 0.702448 
R-Squared 0.11717 

Source: Processed RStudio data, 2026 
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Table 4  

Global CEM Regression Test  
Variabel Estimate Std. Error t-value p-value 

UNEMP 2.1113e-02 2.6124e-02 0.8082 0.4199552 
GDP 1.0688e-01 2.9469e-02 3.6270 0.0003652 
HDI 2.2761e+02 1.3731e+03 0.1658 0.8685187 
ENE -2.6821e+00 1.3883e+00 -1.9319 0.0548126 
POP 1.2634e+04 8.9448e+03 1.4125 0.1593862 
D -8.5038e+03 1.0739e+04 -0.7919 0.4293815 
R-Squared 0.12477 

Source: Processed RStudio data, 2026 

 
The global regression models are subsequently compared using the Chow and Hausman tests to determine the appropriate 
model specification. 
 
Table 5  

Model Selection Test 
Model Estimation p-value 

Chow Test 2.2e-16 
Hausman Test 0.4763 

Source: Processed RStudio data, 2026 

 
Results of the model selection tests presented in Table 5 show that a p-value < 0.05 indicates the FEM is preferred over the 
Common Effects Model, while a p-value > 0.05 indicates the REM is preferred over the FEM. The findings of the REM show 
that both unemployment and regional income are positively linked to pollution, while the HDI, electricity consumption, the 
growth of population, and the pandemic-year dummy variable are not linked to pollution. The R-squared value (coefficient of 
determination) is 0.081338, which indicates that the independent variables explain about 8.13% of the variation in the 
dependent variable. Classical assumption tests were conducted on the selected global regression model. These include tests 
for normality, multicollinearity, autocorrelation and heteroscedasticity. The results of the normality test (Shapiro-Wilk) are 
shown below. 
 
Table 6  

Normality Test 

Shapiro-wilk Normality Test 
p-value 

2.2e-16 
Source: Processed RStudio data, 2026 

The null hypothesis of normality was rejected since the p-value was less than 0.05. However, in large enough samples, and 
according to the Central Limit Theorem, the normality assumption becomes less important since the sampling distribution of 
the parameter estimates will become more normally distributed. Gujarati and Porter (2012), argued that non-normality 
becomes less important in large samples and generally does not bias regression coefficient estimates. 

The next step is to assess multicollinearity among the independent variables using their Variance Inflation Factor (VIF) values. 
The results are presented below. 

 
Table 7 

Multikolinearitas Test 
Uji Multikolinearitas VIF 

UNEMP 3.991931 
GDP 8.424366 
HDI 1.301305 
ENE 13.241231 
POP 1.260637 

D 1.122482 
Source: Processed RStudio data, 2026 

Results from the multicollinearity test show that most of the independent variables had VIFs less than 10. However, for 
variable X4 (electricity consumption), the VIF was greater than 10. This indicated potential multicollinearity for variable X4. 
This suggests a relatively strong linear relationship between X4 and the other independent variables in the global model. 
Although the global model exhibited multicollinearity with respect to the electricity consumption variable, the subsequent 
analyses and final conclusions were taken from the GWPR estimates that were generated from a Weighted Least Squares 
(WLS) approach with spatial weighting. According to (Fotheringham and Oshan, 2016; Comber et al., 2023) global OLS 
diagnostic results can give preliminary insights when the goal is to address spatial heterogeneity in the first place, rather than 
drawing all inferences based on a spatially varying model. GWPR is applied in this context due to the presence of spatial 
heterogeneity. This permits regression coefficients to vary across the provinces and generates different parameter estimates 
for different locations rather than imposing a single global relationship across all locations. 
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The next step in the classical assumption testing process is to assess autocorrelation. The results of the Breusch–Godfrey test 
are presented below. 

Table 8 

Autokorelasi Test 

Breusch-Godfrey Test 
p-value 

0.3741 
Source: Processed RStudio data, 2026 

 
From the autocorrelation test results (Table 8), we have a p-value of 0.3741 which is greater than 0.05. Thus, H₀ is considered 
to be the case, and we fail to reject the statement that there is no evidence of autocorrelation in the model. The next step is to 
test heterogeneity using the Breusch-Pagan test.  

 
Table 9  

Heterogeneity Test 

Breusch-pagan Test 
p-value 

0.001564 
Source: Processed RStudio data, 2026 

The results yielded a p-value <0.05 (0.001564), so H0 is rejected, indicating an effect of spatial heterogeneity or diversity 
across the 34 provinces in Indonesia. The best model has been selected for the GWPR analysis, and then weighting is carried 
out on the GWPR model, which can be done by selecting the smallest AIC value and the largest R-squared on one of the 
weighting functions. The fixed kernel weighting functions used in the GWPR analysis are Gaussian, bisquare, and tricube. 

Table 10  

AIC Value dan R2 
Fungsi Pembobot AIC R2 

Gaussian 4763.836 0.09811989 
Bisquare 4753.626 0.1882843 
Tricube 4756.647 0.1710849 

Source: Processed RStudio data, 2026 

Table 10 shows the AIC and R2 values for each fixed kernel weighting function. The comparison shows that the bisquare 
kernel function yielded the smallest AIC value of 4753.626 and the largest R2 value of 0.1882843, so it was selected. This 
selection yielded different bandwidth values for each province in Indonesia. These varying bandwidth values will be used to 
estimate the parameter values of the GWPR model at each observation location. Table 11 shows the differences in bandwidth 
values for each study area across 34 provinces, indicating differences in the GWPR model across provinces in Indonesia. 

Table 11  

Bandwidth Values in 34 Provinces in Indonesia 
Province Bandwidth Province Bandwidth 

Aceh 166.46004 Riau Islands 134.25328 
Bali 93.44231 Lampung 131.59080 

Banten 127.48830 Maluku 131.58158 
Bengkulu 142.09599 North Maluku 116.36198 

DI Yogyakarta 111.46645 West Nusa Tenggara 90.97222 
DKI Jakarta 124.86281 East Nusa Tenggara 105.70570 
Gorontalo 100.11401 Papua 166.46004 

Jambi 140.64459 West Papua 141.95187 
West Java  121.95315 Riau 145.57356 

Central Java 113.30462 West Sulawesi 91.64529 
East Java 103.04050 South Sulawesi 95.42828 

West Kalimantan 108.30818 Central Sulawesi 93.28069 
South Kalimantan 91.01119 Southeast Sulawesi 103.72408 

Central Kalimantan 99.75482 North Sulawesi 108.28224 
East Kalimantan 89.90556 West Sumatera 149.57717 

North Kalimantan 92.94660 South Sumatera  135.45540 
Bangka Belitung Islands 124.74908 North Sumatera  156.45796 

Source: Processed RStudio data, 2026 

 
A larger bandwidth represents a broader spatial range of influence, causing the GWPR model to approach the characteristics 
of a global regression model, where the estimated coefficients tend to be more homogeneous across locations. In contrast, a 
smaller bandwidth represents a narrower spatial range of influence, resulting in a more localized model with greater spatial 
variation in the estimated regression coefficients.  
 
Based on the analysis, the estimated coefficients, p-values, and standard errors for each province in Indonesia are presented 
in Table 12. 
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Table 12 

Coefficients, p-values, and standard errors for each province in Indonesia 
Province Intercept B1 B2 B3 B4 B5 B6 p_X1 p_X2 p_X3 p_X4 p_X5 p_X6 SE X1 SE X2 SE X3 SE X4 SE X5 SE X6 

Aceh 0.792 -0.030816 0.028759 -1090.586 -6.845445 121.78443 -489.57546 0.066 0.392 0.382 0.042 0.154 0.913 0.01343409 0.04553987 2234.326 2.920757 82.14560 5545.421 
Bali 0.708 -0.035952 0.041256 -2535.649 -6.566728 104.33163 -916.66235 0.009 0.093 0.083 0.113 0.979 0.773 0.01337650 0.04546881 2143.430 2.987300 82.28854 5319.713 
Banten 0.729 -0.032434 0.034388 -1623.000 -6.703998 114.30780 -991.37574 0.035 0.848 0.840 0.060 0.655 0.690 0.01329336 0.04498929 2104.091 2.861610 81.87056 5266.746 
Bengkulu 0.754 -0.031783 0.032073 -1348.607 -6.777640 117.16096 -757.36676 0.044 0.278 0.280 0.034 0.199 0.824 0.01332516 0.04511028 2145.190 2.867268 81.93214 5352.044 
DIY 0.704 -0.033454 0.037720 -2123.879 -6.580753 110.41367 -1298.3198 0.034 0.077 0.079 0.156 0.496 0.899 0.01330588 0.04508506 2101.035 2.899367 81.92905 5267.442 
DKI Jakarta 0.726 -0.032524 0.034736 -1681.576 -6.683482 113.96480 -1053.9485 0.036 0.996 0.986 0.071 0.768 0.659 0.01328909 0.04497244 2099.118 2.862106 81.86484 5254.205 
Gorontalo 0.802 -0.044323 0.043894 -2155.026 -6.624917 94.27088 62.25217 0.019 0.519 0.521 0.557 0.775 0.976 0.01427236 0.05116287 2327.480 3.424559 85.84290 5744.129 
Jambi 0.758 -0.031634 0.031700 -1360.927 -6.754756 117.92677 -822.03917 0.049 0.299 0.288 0.037 0.160 0.815 0.01332425 0.04510295 2147.709 2.868795 81.94065 5348.311 
West Java 0.720 -0.032724 0.035396 -1764.698 -6.666643 113.13344 -1097.7401 0.036 0.667 0.676 0.091 0.927 0.689 0.01328960 0.04498178 2095.160 2.867143 81.86768 5249.343 
Central Java 0.708 -0.033244 0.037119 -2040.662 -6.591662 111.22039 -1293.3185 0.043 0.097 0.095 0.169 0.474 0.817 0.01329535 0.04502544 2094.431 2.886758 81.89802 5248.128 
East Java 0.697 -0.034292 0.039921 -2515.487 -6.488245 107.69550 -1436.8362 0.022 0.034 0.033 0.150 0.692 0.857 0.01335101 0.04533325 2140.019 2.953339 82.09328 5348.749 
West 
Kalimantan 

0.730 -0.032834 0.036185 -2233.180 -6.357544 114.74462 -2051.2682 0.182 0.015 0.017 0.883 0.481 0.060 0.01324928 0.04478491 2091.197 2.851646 81.80045 5189.907 

South 
Kalimantan 

0.721 -0.036115 0.041662 -2751.603 -6.337115 105.98367 -1762.1736 0.010 0.075 0.077 0.311 0.804 0.462 0.01339328 0.04553245 2160.574 2.972427 82.26346 5336.872 

Central 
Kalimantan 

0.716 -0.034104 0.039477 -2675.745 -6.248993 110.66485 -2328.7221 0.042 0.009 0.010 0.490 0.743 0.178 0.01331032 0.04508760 2132.233 2.903790 81.94443 5282.871 

East 
Kalimantan 

0.749 -0.037648 0.042750 -2883.011 -6.141288 106.84604 -2244.7797 0.015 0.106 0.101 0.711 0.655 0.411 0.01355781 0.04692806 2246.751 3.022561 82.57039 5559.429 

North 
Kalimantan 

0.761 -0.038114 0.043474 -3094.611 -5.920761 108.79206 -2853.0702 0.021 0.089 0.088 0.858 0.558 0.408 0.01371757 0.04861483 2336.036 3.077958 82.82014 5788.641 

Bangka 
Belitung 
Islands 

0.738 -0.032168 0.033759 -1655.409 -6.645985 115.73671 -1175.8012 0.048 0.659 0.659 0.069 0.311 0.484 0.01327772 0.04490811 2101.741 2.853994 81.85513 5238.880 

Riau Islands 0.758 -0.031608 0.031849 -1460.812 -6.693437 118.23075 -1007.0962 0.053 0.406 0.400 0.048 0.152 0.713 0.01330698 0.04502763 2135.388 2.864922 81.92151 5308.164 
Lampung 0.739 -0.032163 0.033484 -1525.824 -6.722050 115.49930 -938.0477 0.039 0.494 0.490 0.048 0.374 0.681 0.01329809 0.04500192 2114.907 2.859606 81.88152 5284.680 
Maluku 0.811 -0.043089 0.040623 -1685.552 -7.035760 91.21303 1470.3310 0.010 0.912 0.922 0.366 0.978 0.564 0.01388644 0.04859876 2295.626 3.285296 84.70898 5612.912 
North Maluku 0.816 -0.044240 0.041469 -1780.297 -6.894728 91.80357 1023.2190 0.017 0.820 0.819 0.480 0.937 0.703 0.01412230 0.04994407 2309.716 3.381590 85.58599 5661.557 
West Nusa 
Tenggara 

0.715 -0.036688 0.041631 -2487.320 -6.620003 102.89980 -641.6579 0.006 0.165 0.158 0.130 0.920 0.633 0.01339644 0.04558651 2148.170 3.003772 82.40267 5321.498 

East Nusa 
Tenggara 

0.756 -0.040039 0.042862 -2310.842 -6.788047 95.62425 386.3338 0.006 0.519 0.520 0.246 0.902 0.683 0.01361385 0.04665219 2228.368 3.140799 83.44727 5473.088 

Papua 0.858 -0.046216 0.038173 -1232.056 -7.141126 87.75921 2121.6688 0.018 0.952 0.952 0.454 0.879 0.520 0.01449615 0.05695616 2446.291 3.607156 87.40921 5997.769 
West Papua 0.849 -0.046274 0.039130 -1380.326 -7.041422 89.02456 1763.2571 0.023 0.997 0.999 0.487 0.921 0.569 0.01451198 0.05509938 2407.010 3.591848 87.45045 5889.130 
Riau 0.769 -0.031360 0.030789 -1293.022 -6.767848 119.22805 -765.7829 0.053 0.349 0.350 0.039 0.145 0.910 0.01334652 0.04519211 2168.668 2.880081 81.98900 5391.385 
West Sulawesi 0.760 -0.040576 0.044344 -2595.279 -6.506589 97.15222 -646.0232 0.009 0.353 0.355 0.410 0.901 0.880 0.01376036 0.04787531 2264.484 3.185431 83.77127 5583.335 
South Sulawesi 0.763 -0.040718 0.043884 -2463.773 -6.608191 96.33297 -277.1194 0.011 0.479 0.479 0.448 0.957 0.996 0.01373702 0.04758954 2250.812 3.181375 83.77584 5545.359 
Central 
Sulawesi 

0.775 -0.041795 0.044514 -2477.819 -6.525506 96.26423 -500.8498 0.014 0.421 0.420 0.544 0.829 0.897 0.01390818 0.04888592 2286.578 3.252423 84.31503 5645.587 

Southeast 
Sulawesi 

0.782 -0.041913 0.042992 -2167.507 -6.762271 94.37665 356.2900 0.011 0.599 0.588 0.429 0.870 0.846 0.01381753 0.04779346 2254.554 3.227983 84.21878 5541.997 

North Sulawesi 0.818 -0.045286 0.042511 -1897.084 -6.753490 92.70454 613.0528 0.025 0.698 0.699 0.553 0.842 0.833 0.01439335 0.05177675 2338.417 3.491128 86.55540 5750.138 
West Sumatera 0.768 -0.031405 0.030801 -1246.576 -6.798763 118.94381 -674.5591 0.052 0.307 0.310 0.035 0.150 0.942 0.01335437 0.04522586 2174.512 2.880992 81.90278 5411.916 
South 
Sumatera  

0.748 -0.031908 0.032638 -1446.966 -6.735511 116.65954 -892.2133 0.046 0.302 0.300 0.041 0.216 0.709 0.01330690 0.04503394 2128.349 2.861621 82.06939 5308.967 

North 
Sumatera  

0.782 -0.031062 0.029669 -1174.591 -6.812720 120.60874 -608.1358 0.060 0.370 0.368 0.040 0.144 0.976 0.01339085 0.04537011 2203.753 2.900362 82.14560 5473.545 

 
Several provinces exhibit significant effects on environmental quality at the 1%, 5%, or 10% significance levels. The differences in these effects may be associated with the primary 
economic structures and socioeconomic characteristics of the population in each province. The discussion of the research findings and spatial visualization using ArcGIS focuses on 
a 5% significance level (α = 0.05). Adopting the 5% significance level as the basis for discussion and mapping ensures consistency in the interpretation of spatial results. In the 
Geographically Weighted Regression Panel (GWPR) analysis, each region exhibits distinct coefficient estimates and significance levels due to spatial heterogeneity. Mapping results 
at the 1%, 5%, and 10% significance levels simultaneously could lead to inconsistent interpretations and complicate cross-regional comparisons. 
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A representation of a GWPR model for the province of DKI Jakarta, Indonesia's capital and hub of economic activity, as 
follows: 
 ΔGHG6t = 0.726�	� , ��� - 0.032524�	� , ���UNEMP!� + 0.034736�	� , ���GDP!� - 1681.576�	�, ���HDI!� - 6.683482�	� , ���ENE!� + 113.96480�	�, ��� POP!� - 1053.9485�	� , ����!� � 
�� 
 
Across all provinces, the estimated effects of unemployment, regional income, human development, energy consumption, and 
population growth on environmental degradation have consistent directions. In contrast, the estimated effect of the pandemic 
dummy variable varies across provinces. 
 
The model has been developed for each region, and it is necessary to conduct a simultaneous test to evaluate the suitability of 
the GWPR model using the Goodness of Fit test. 
 
Table 13  

Goodness of Fit Test 
F value F table p-value Hasil 

3.457 2.056302 0.002863 H0 rejected 
 
The GWPR model fit test results obtained an F-value of 3.457 and F-table of 2.056302 with a p-value of 0.002863, meaning 
that if the p-value <0.05 then H0 is rejected. Thus, there is a significant difference between the GWPR model and the panel 
data regression model. The next step is to conduct a comparative analysis of the global regression model with the 
Geographically Weighted Panel Regression model. 

 
Table 14 

Comparison of Global Regression Model with GWPR Regression 
Regression Model R2 

Global Regression 0.081338 
GWPR 0.1882843 

 
From the analysis results, the best model was obtained, namely the Geographically Weighted Panel Regression model because 
it had a coefficient of determination (R2) value greater than the global regression model. 

 
6. Discussion 

 

6.1 Spatial Variation of the Effect of Unemployment on Environmental Degradation (Proof of the EPC Hypothesis in 

Indonesia) 

 
The research results show that the influence of unemployment on environmental degradation is negative, with varying 
significance across provinces in Indonesia. This indicates that the research results are consistent with the Environmental 
Phillips Curve (EPC) concept. In accordance with the EPC concept from (Kashem and Rahman, 2020), reducing pollution in 
the world is only possible at the expense of human labor. Based on the distribution map of the significance of the influence 
of the number of unemployed on environmental quality (Fig. 1), 28 provinces show a significant influence of the number of 
unemployed on environmental quality (shown in yellow). Unemployment has a negative impact on CO2 emissions, which 
validates the existence of the EPC hypothesis in the most polluted countries (Yavuz et al. , 2024; Sahin et al., 2025). 
 

 
Fig. 1. Map of the Significance of Unemployment on Environmental Degradation in Indonesia 
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The economies of the provinces on the island of Kalimantan are heavily influenced by extractive activities. When commodity 
demand declined in 2019, project activities were halted, leading to local unemployment. According to Global Forest Watch 
(2025), deforestation is declining. In Sulawesi and Papua, mining, plantation, and coastal development activities have 
decreased due to the economic downturn. This decline in economic activity has led to unemployment in Sulawesi (Mire et 

al., 2024). The economies of Bali, West Nusa Tenggara (NTB), and East Nusa Tenggara (NTT) rely heavily on tourism, 
forestry, agriculture, and fisheries. As a result, the COVID-19 pandemic temporarily reduced the environmental burden 
associated with economic activities in these provinces, primarily due to the decline in tourism activity (Cahigas et al., 2022). 
Teeli et al. (2025) confirm that in the long run, the unemployment rate is proven to reduce emissions, and the validity of the 
EPC hypothesis is confirmed in the Indian context, which suggests that the validity of the EPC is highly dependent on the 
structural characteristics and development level of each region. 
 
The significant relationship between unemployment and environmental degradation across all six provinces in Java indicates 
a close association between regional labor-market conditions and environmental pressure. This relationship is closely linked 
to the economic structure of Java, where manufacturing, trade, construction, transportation, and service activities constitute 
major components of regional economic activity (BPS, 2025). These sectors simultaneously generate employment and require 
energy, transportation, and production inputs, thereby creating an association between labor absorption and environmental 
pressure. In manufacturing-intensive provinces such as West Java, Central Java, East Java, and Banten, stronger economic 
activity and higher labor absorption tend to coincide with greater production intensity, energy use, and mobility, which may 
be accompanied by higher environmental pressure. According to Hasan et al., (2025) conversely, increasing unemployment 
may coincide with weaker production activity, lower energy demand, and reduced economic mobility, thereby being 
associated with lower environmental degradation. In Jakarta and Yogyakarta, where services, trade, tourism, and other non-
manufacturing activities play a more prominent role, the relationship may operate through changes in mobility, consumption, 
tourism, and service-related energy use. Overall, the significant association observed across the six provinces suggests that 
labor-market conditions and environmental pressure are interconnected through regional economic activity, providing 
empirical support for the Environmental Phillips Curve (EPC) perspective. 
 
The GWPR analysis results show that the EPC hypothesis was not proven in 6 provinces (orange map), thus disproving the 
validity of the EPC hypothesis. A shift in economic structure toward the digital and service sectors is occurring, accompanied 
by increased energy efficiency and stricter environmental regulations (Shahbaz et al., 2020). In line with Liu & Lin (2023) 
who explain that unemployment has no effect on global warming in countries with low levels of economic development. 
When income and pollution increase, unemployment usually decreases. Increased production leads to more job opportunities, 
thus lowering unemployment (Azimi and Rahman, 2024; Teeli et al., 2025). 
 
The main source of environmental degradation in the 6 provinces does not originate from household economic activities or 
employment absorption rates, but is driven by structural factors and large corporations, such as the expansion of extractive 
industries in West Kalimantan, palm oil plantations, and infrastructure development and urbanization in Aceh, Nort Sumatera, 
Riau, West Sumatera and Riau Island (World Resources Institute, 2022; Sisdwinugraha et al., 2024). The Ministry of Energy 
and Mineral Resources (2023) has introduced policies aimed at reducing carbon emissions. The government encourages the 
adoption of high-efficiency technologies, such as Clean Coal Technology (CCT), in coal-fired power plants, particularly 
within the Sumatra electricity grid. 
 
Özdemiri (2020) stated that the nature of unemployment in classical economics is essentially temporary or voluntary. Changes 
in economic structure lead to frictional unemployment. In Indonesia, unemployment is temporary (frictional unemployment) 
because the unemployed continue to move around in search of new jobs. High unemployment rates do not encourage 
environmental degradation; they tend to reduce emissions, but this effect is not significant. The use of production technology 
to replace human labor still results in carbon emissions (Yau and Tan, 2022; Koyuncu Çakmak et al., 2023; Edeme, Emeka 
and Ogbuabor, 2024). Meyer (2016) and Güven (2024) found that a person's pro-environmental behavior will shift with 
changes in income due to changes in budget constraints and the opportunity cost of time. 
 
6.2 Spatial Variation in the Influence of Regional Income on Environmental Degradation in Indonesia 

 
Regional income, proxied by GRDP, exhibits a varying relationship with environmental degradation across Indonesian 
provinces. This finding is consistent with the EPC framework, which extends the EKC (Environmental Kuznets Curve) 
perspective by incorporating the role of labor market conditions in explaining environmental degradation (Gill, et al., 2017; 
Mahmood et al., 2023; Ayad and Djedaiet, 2024). Based on Figure 2, 31 provinces exhibit a positive but statistically 
insignificant association between regional income and environmental degradation (orange areas on the map). This positive 
association indicates that higher regional income tends to coincide with higher levels of environmental degradation, although 
the relationship is not statistically significant (Acheampong and Opoku, 2023; Azimi & Rahman, 2024). 
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Fig. 2. Map of the Significance of Regional Income on Environmental Degradation in Indonesia 

 

Economic growth is not always the primary driver of environmental degradation; sectoral structures and interregional 
emission intensities also play a role in the causal relationship between economic growth and CO2 emissions. However, this 
is not universally evident when development is oriented towards the green paradigm (Okon, 2019; Acheampong and Opoku, 
2023; Haciimamoğlu, 2023; Liu and Lin, 2023). A total of 31 provinces in Indonesia, where the dominance of household 
consumption, smallholder agriculture, and the low-emission service sector in the Sulawesi and Nusa Tenggara regions, as 
well as conservation-based economic patterns in Maluku and Papua, causes regional income to not be significantly correlated 
with environmental degradation, while in Kalimantan environmental degradation is more sectoral due to mining and 
plantations which are not reflected in aggregate income movements (Gaveau et al., 2022; Teeli et al., 2025). These climate 
change adaptation policies have been shown to promote growth without sacrificing environmental quality, as confirmed by 
the failure of the EKC hypothesis at the sub-national level in India (Edeme et al., 2024; Javaheri et al., 2024; Teeli et al., 
2025).  
  
In Aceh, North Sumatra, and West Sumatra the growth and development of certain low emission and low environmental 
impact sectors such as service, government and trade offers an explanation for regional income growth. In contrast, regional 
income growth in Riau, Jambi and South Sumatra is attributed to the oil palm sector, and environmental degradation to illegal 
logging and forest encroachment (Gaveau et al., 2022; KLHK, 2023). More positively, discouragement of new oil palm and 
other land concessions, the moratorium on new permits, and the peat restoration program coincided with a decrease in the rate 
of deforestation in the three provinces since 2016. This shows a weaker association of economic activity with environmental 
degradation as evidenced by improvement in the regional deforestation rates (World Resources Institute [WRI], 2022; Peat 
and Mangrove Restoration Agency [BRGM], 2023). 
  
The insignificant association between regional income and environmental degradation in Jakarta, West Java, Banten, Central 
Java, and Yogyakarta may reflect the increasing decoupling between economic value added and environmental pressure in 
relatively developed and economically diversified regions. Regional income, as measured by GRDP, captures the aggregate 
value added generated by various economic sectors but does not directly represent the environmental intensity of production. 
In these provinces, economic activity is increasingly characterized by services, trade, finance, information and 
communication, tourism, and manufacturing activities accompanied by improvements in energy efficiency, cleaner 
technologies, and renewable energy adoption (Managi and Sugiawan, 2016). Consequently, increases in GRDP do not 
automatically correspond to increases in environmental deterioration. This finding is in line with findings on Indonesia which 
show that the connection between economic growth and environmental degradation is different in different regions and 
depends on the composition of the economy, energy use, renewable energy, and environmental management. 
  
There are only three provinces that have a positive and significant impact of regional income on environmental degradation 
(yellow map), thus proving the validity of the EKC and EPC hypotheses in these regions. The increase in regional income is 
consistent with the rise in environmental degradation, according to the Grossman dan Krueger (1991) theory, which is the 
conceptual basis of EPC (Kashem and Rahman, 2020; Yusuf, 2023). East Java Province, whose economy relies heavily on 
manufacturing, construction, and transportation, exhibits emission pressures associated with high energy consumption and 
increasing vehicle volumes. West Kalimantan and Central Kalimantan derive a substantial share of their regional income 
(Gross Regional Domestic Product) from oil palm plantations, mining and quarrying, construction, and manufacturing 
(Hastin, 2026).  These economic activities are associated with environmental pressures across the three provinces, including 
air pollution, declining water quality, deforestation, and peatland degradation (Pattiruhu and Kriekhoff, 2022; Azimi and 
Rahman, 2024). 
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6.3 Spatial Variation in the Influence of Human Development on Environmental Degradation in Indonesia 

Higher levels of environmental degradation are associated with greater environmental awareness. Previous studies have also 
reported a negative association between human development and environmental degradation (Peacock, 2018; Javaheri et al., 
2024). Similarly, Soeparno et al. (2024) found a significant negative association between human activities and environmental 
degradation. 

 

 
Fig. 3. Map of the Significance of Human Development on Environmental Degradation in Indonesia 

The GWPR results reveal a significant negative association between human development and environmental degradation in 
East Java, Central Kalimantan, and West Kalimantan, whereas the relationship is statistically insignificant in the other 31 
provinces. This spatial variation indicates that the environmental implications of human development are not homogeneous 
across Indonesia. The Human Development Index (HDI) captures three fundamental dimensions, namely health, education, 
and a decent standard of living, which may be associated with differences in environmental awareness, human capacity, 
consumption patterns, and the adoption of environmentally sustainable practices. (Kono, 2020; Soeparno et al., 2024; 
Giyasova et al., 2025) indicate that the HDI–environment nexus is heterogeneous and is shaped by renewable energy use, the 
economy, and institutions and is not uniform across regions. 

The negative and significant association between HDI and environmental degradation in East Java, Central Kalimantan, and 
West Kalimantan can be explained in the context of the simultaneous progress in human development and the management 
of the environment in these regions. In East Java, the HDI in 2023 was 73.38, signaling progress in health, education, and the 
living standards, while environmental management has become more focused on the reduction and the sorting of waste, the 
implementation of the circular economy and waste banks (BPS, 2023). In Central Kalimantan, the HDI in 2023 was 73.73. 
Environmental pressure in Central Kalimantan is associated with the forest, stock and renewal of peatlands, deforestation, and 
land fires which are important sources of greenhouse gas emissions (Gaveau et al., 2022). Progress in human development in 
Central Kalimantan has occurred along with the implementation of sustainable forest and peatland management, the reduction 
of greenhouse gas emissions, and renewable energy, including solar energy power projects carried out on a small scale. The 
same trend has occurred in West Kalimantan, where the HDI in 2023 was 71.19 (BPS, 2024). These trends are aligned with 
the negative local coefficients of the GWPR model, which demonstrate that in these three provinces, progress in human 
development is associated with the decrease of environmental degradation. According to (Jain and Nagpal, 2019), the 
correlation may be attributable to the existing presence of stronger environmental management, sustainable resource use 
practices, and environmentally-oriented development. This may indicate that higher levels of education corresponds to greater 
environmental awareness. (Kono, 2020) and (Soeparno et al., 2024) confirm that higher levels of education systems correlate 
to more expenditure on environmental management and more inventive solutions for addressing ecological issues. 

The effect of the HDI on environmental degradation has been shown to be negative and insignificant in 31 Indonesian 
provinces, as national HDI growth is more related to increased access to education, health, and income than to environmental 
sustainability. Therefore, in provinces with moderate HDI, such as East Nusa Tenggara, Papua, and Maluku, increases in HDI 
are not correlated with improvements in air, energy, and waste management systems. Meanwhile, in provinces with high HDI 
but high levels of industrialization and urbanization pressures, such as all provinces in Sumatra, environmental degradation 
continues (BPS, 2023, 2024; KLHK, 2023). The insignificant association between HDI and environmental degradation in 
Jakarta, West Java, Banten, Central Java, and Yogyakarta indicates that the relationship between human development and 
environmental pressure varies spatially across provinces. These provinces have relatively diversified economic structures 
characterized by service activities, manufacturing, trade, transportation, and urban consumption, which coexist with different 
levels of environmental pressure. Enhancements in human development index (HDI) are coupled with differing activities in 
the economy, energy use, modes of production, and environmental intensity. This results in an absence of a clear-cut 
correlation between changes in HDI and environmental degradation. This concurs with the findings of  Pujiati et al., (2026), 
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which argues that the relationship between human development and the environment is more closely concerned with regional 
economic structures, energy use, and modes of production, and environmental management as compared to HDI. 

This is reinforced by (Hashmat et al., 2020; Shastri et al., 2023; Soku et al., 2023) who found an insignificant relationship 
between education and environmental degradation, particularly due to the gap in access to education for women in rural areas. 
Previous studies have reported an association between women's representation in decision-making positions and greater 
attention to environmental issues. Jain & Nagpal (2019) showed, using panel analysis, that the HDI does not correlate 
significantly with the Environmental Performance Index (EPI). This condition is increasingly complex in countries with 
medium and low HDI, which face the dilemma of implementing emission regulations that simultaneously limit the pace of 
human development, necessitating a policy approach that can synergistically integrate human development targets and 
environmental sustainability (Hashmat et al., 2020)  

 
6.3 Spatial Variation of the Effect of Energy Consumption on Environmental Degradation in Indonesia 

Theoretically, electricity consumption is often associated with environmental degradation because electricity generation has 
traditionally been linked to greenhouse gas emissions from fossil-fuel-based power plants. However, the findings of this study 
indicate a negative association between electricity consumption and environmental degradation, suggesting that higher 
electricity consumption tends to coincide with better environmental quality. This pattern may be associated with Indonesia’s 
transition from traditional fuels, such as kerosene, coal, and firewood, toward more efficient and better-regulated electricity 
use. According to (ESDM, 2024), the electricity mix from new and renewable energy (EBT) increased from 11.5% in 2019 
to 15.4% in 2023. 

The EPC proved valid when the economy was still reliant on fossil fuels, but it is not valid when renewable energy 
consumption dominates the energy mix. A REC-based economic development model can offer a solution to the EPC dilemma 
(Pattiruhu and Kriekhoff, 2022; Yavuz et al., 2024). This REC model is adapted to the REKC (Renewable Energy Kuznets 
Curve) concept, which focuses on the relationship between renewable energy consumption and a country's income level 
(Nabaweesi et al., 2024). It offers a structural solution to the trade-off dilemma between economic growth and environmental 
degradation (Yao et al., 2019; Pattiruhu and Kriekhoff, 2022; Ng et al., 2023; Nabaweesi et al., 2024; Yavuz, et al., 2024).  

 

 
Fig. 4. Map of the Significance of Energy Consumption on Environmental Degradation in Indonesia 

 

The use of clean energy sources, including solar photovoltaic (PLTS), wind (PLTB), and geothermal (PLTP) power plants 
across the provinces of Sumatra, may be associated with the negative relationship between electricity consumption and 
environmental degradation (Thoday et al., 2018; Saidi and Omri, 2020; Tariq et al., 2022; Idroes et al., 2025). Similarly, 
merging clean energy sources (solar PLTS, wind (PLTB) and geothermal (PLTP) power) in the Sumatra provinces will likely 
form a negative relationship between consumption of electricity and environmental degradation. This pattern is consistent 
with evidence linking environmentally friendly energy use to more sustainable economic growth and a lower ecological 
footprint (Ng et al., 2023; Besnili Memiş and Sapancalı, 2024; Setyawati and Setiawan, 2024; Ecadin, 2025). 

The insignificant effect of electricity consumption on the deterioration of the environment in Kalimantan, Java, Sulawesi, 
Nusa Tenggara, Maluku, and Papua can be attributed to two structural mechanisms: the first mechanism involves the rural 
electrification which replaced the use of biomass like wood, charcoal, and kerosene to be used for lighting and cooking. 
Consequently, these rural communities placed lower demands on forests. Second, since the energy systems in these regions 
are still in the early stages of development, there is still no cause-and-effect relationship between the consumption of electricity 
and the indicators of environmental degradation (Thoday et al., 2018). The southern regions of Java, Nusa Tenggara, and 
Sulawesi have wind power plants (PLTB) which include the Sidrap and Tolo wind farms, as examples of the development of 
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wind energy in Indonesia (Ministry of Energy and Mineral Resources, 2024 (ESDM, 2024)). In Sulawesi and Java, geothermal 
power plants (PLTP) have also been built, utilizing Indonesia’s potential of geothermal energy. Similarly, the development 
of solar power plants (PLTS) has increased, including the PLTS Likupang in North Sulawesi with a capacity of 15 MW. 

According to Fakoya (2014), the carbon tax policy has the potential to increase production costs and impact company 
productivity. This requires the Indonesian government to take action through investment in low-carbon technology and the 
implementation of Clean Coal technology as an alternative instrument for controlling emissions, although its effectiveness is 
not evenly distributed across all regions. The development of renewable energy sources such as solar, wind, hydropower, 
biomass, and geothermal energy remains a key strategy for achieving economic growth that does not sacrifice environmental 
sustainability, particularly in regions where the potential of renewable energy resources has not been fully optimized (Ng et 

al., 2023; Besnili Memiş and Sapancalı, 2024; Setyawati and Setiawan, 2024). 

 
6.4 Spatial Variation of the Effect of Population Growth on Environmental Degradation in Indonesia 

Population growth leads to increased demand for goods and services, with the side effect of greater use of natural resources, 
and creates variations in environmental quality (Anser et al., 2021). Growth of population also creates urbanization, increases 
energy consumption, and increases regional variations in environmental conditions (Sahin et al., 2025). Population growth 
also connects to unemployment and environmental degradation, showing the relevance of population growth for the planning 
of sustainable development (Ehrlich, 2017). According to the BPS data for the 2018–2023 period, the growth of the Indonesian 
population continued to increase, while the rate of growth decreased from 1.25 percent in 2018 to 1.13 percent in 2023. 

An increase in population growth continued to expand, but showed no correlation to environmental degradation at the 
provincial level. This also correlates to (Samways, 2022; Ntom Udemba et al., 2024) who suggest that an increase in 
population size does not correlate to an increase in emissions and that the environmental conditions of a region may be 
influenced by the quality of the demographic composition, in particular by the range of growth rates and age 
composition. According to (Okon, 2019) consumption of energy also varies with age. Younger people tend to consume more 
energy than older people and children. 

 
Fig. 5. Map of the Significance of Population Growth on Environmental Degradation in Indonesia 

 
The weak correlation between population growth and environmental degradation across all Indonesian provinces suggests 
that demographic shifts do not tend to show a constant statistical relationship with environmental challenges across Indonesian 
provinces. This can be explained by Indonesia’s manageable population growth and large diversity of population dynamics 
across provinces. Based on BPS data, throughout 2020 and up to 2024, the population growth across provinces varied greatly, 
while the total population of the country increased from 270.20 million to around 275.77 million (BPS, 2020). Meanwhile, 
environmental issues in Indonesia can be attributed to many other sectors besides population growth such as the energy sector, 
the industrial sector, the agricultural sector, the forestry sector, and the management of waste. In addition, there are large 
discriminations across the provinces in terms of carbon footprint and carbon intensity, which are attributable to the differences 
in the structure of the economy, the consumption, the transportation system, the agricultural sector, the industrial sector, and 
the energy system, etc (Rum et al., 2024). Thus, throughout the country, population growth may be occurring at the same time 
as differences in the energy consumption, technological efficiency, economic activities, and environmental policies within the 
various provinces. Accordingly, growth in population may not correlate with environmental degradation in any consistent 
way. This conclusion is also personally aligned with the empirical evidence that population or urban population growth does 
not influence CO₂ emissions, even in the presence of other economic and energy activities. 
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6.5 Spatial Variation of the Effect of Pandemic Dummy on Environmental Degradation in Indonesia 

The dummy defining the pandemic year shows spatial asymmetry in the association of environmental degradation. The 
estimate is positive in some provinces and negative in the others, suggesting changes in the environment pre and post pandemic 
in different places. Following Kashem and Rahman (2020), this study includes a pandemic-year dummy variable as a control 
variable within the Environmental Phillips Curve (EPC) framework. Its inclusion is based on the consideration that 
assessments of the relationship between labor market conditions and environmental quality should also account for periods of 
economic crisis. The pandemic disrupted activities such as production and consumption, labor mobility, and energy use. For 
some provinces, the identified coefficients with negative signs are justified, since many studies reported that the pandemic 
was associated with lower economic activities and environmental degradation. The opposite pattern was observed in other 
provinces. The variation in the pandemic-year coefficients across provinces suggests that regional environmental conditions 
were associated with differences in economic structures and economic activities during the pandemic. None of the pandemic-
year dummy coefficients across the provinces was statistically significantly associated with environmental degradation. 

Higher levels of environmental degradation were found for Gorontalo, Maluku, North Maluku, East Nusa Tenggara, Southeast 
Sulawesi, North Sulawesi, Papua, and West Papua in pandemic years. This illustrates significant variations in the pandemic-
era environmental conditions across different regions of Indonesia. Reduced mobility and economic activity during the 
pandemic resulted in a decrease in national greenhouse-gas emissions in 2020. However, many of the eastern Indonesian 
provinces continued to engage in substantial economic activities in sectors of agriculture, forestry, and fisheries, mining, 
processing industries, and commodity exports (Shahreen, 2022). An example is North Maluku, where the economy continued 
to grow during the pandemic with an expansion in the sectors of manufacturing, mining, and foreign trade at 4.92% in 2020, 
with Papua showing a significant increase in mining and mineral trade. Similar trends were evident in Gorontalo, where 
agriculture contributed 38.80% to the regional economy, and North Sulawesi, where agriculture, forestry, and fisheries 
continued to be the dominant sector of the economy despite a contraction in tourism (BPS, 2025). These examples corroborate 
evidence from other parts of the world, which describes pandemic restrictions as continued or heightened extraction of natural 
resources and illegal mining, especially in areas with a lack of monitoring and constrained livelihood opportunities. Therefore, 
the local positive coefficients attributed to the GWPR model may be reflective of continued resource extraction and intensive 
economic activities during the pandemic, as opposed to being reflective of a uniform effect of COVID-19 on environmental 
degradation.  

 
Fig. 6. Map of the Significance of Pandemic Dummy on Environmental Degradation in Indonesia 

 
The statistical insignificance of the pandemic dummy variable across provinces suggests that the environmental degradation 
caused by the pandemic was not equally pronounced across the country, even after controlling for socioeconomic and spatial 
factors. This result reflects the various trends of economic activities, energy consumption, mobility, and environmental 
conditions across provinces during the pandemic. 2020 saw Indonesia’s economy shrink by 2.1%, with some regions 
experiencing greater contraction than others. These variations were induced by regional differences in the structure and sector 
exposure (WorldBank, 2021). In addition, movement and economic activities were unequal in different provinces due to 
varying levels of implementation of activity restrictions. Consumption of energy in different sectors and regions showed 
unique similar and opposite trends. For instance, Indonesian industries and businesses consumed less electricity, while 
households consumed more during this period (Rizky et al., 2021; Jakob et al., 2022).  The environmental conditions during 
this period were attributed to several non-economic factors such as the weather and the different seasons, and may have 
influenced the relationship between the pandemic and environmental stress. For this reason, there was no association between 
the factors. The absence of statistical significance was attributed to the degradation of the environmental conditions of the 
provinces, and their economic, energy and spatial activities during the pandemic, rather than the presence of the pandemic. 
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7. Policy Implications 

 
Based on the key findings, provincial-level policy interventions ought to be spatially differentiated, as there are disparities in 
the associations between environmental degradation and labor market conditions, income, human development, and 
population growth across the provinces. The findings show a considerable negative relationship between unemployment and 
environmental degradation in most regions, and particularly in the six provinces of Java. This suggests that employment 
policies can prioritize green jobs and the low-emission, labor-intensive sectors that are aligned with the objective of 
employment expansion with less pressure on the environment. However, GRDP shows a significant relationship with 
environmental degradation in only three provinces and an insignificant association in the other provinces. This means that 
policies aimed at increasing regional income should go beyond the growth of output, and should incorporate economic 
structural transformation, higher environmental standards, greater energy efficiency, and higher deployment of low carbon 
technologies in the mining, plantation, manufacturing, and the other resource-intensive sectors. With respect to human 
development, there is a significant negative association between environmental degradation and the HDI in East Java, Central 
Kalimantan, and West Kalimantan. This means that environmental education, sustainability, and decently improved living 
conditions should be integrated in the human development policies in these three provinces. Other provinces should adopt 
policies based on their prevailing economic structures and ecological conditions. The absence of a significant association 
between population growth and environmental degradation in all Provinces indicates that population policies should be on 
improving the quality of life and urbanization, while paying less attention on population size. 
 
8. Conclusion 

The existence of a trade-off between unemployment and environmental degradation across all Indonesian provinces 
demonstrates the validity of the Environmental Phillips Curve (EPC) concept, with varying degrees of significance across 
regions. The EPC hypothesis is evident in Indonesia, but it depends on the economic conditions and primary economic sectors 
of each region, as well as on the environmental awareness of business actors and local government policies related to the 
environment. Environmental pressure is mostly correlated with economic structure, energy consumption, transport, 
production, consumption, and local environmental management. Thus, provincial environmental policies can integrate 
employment, economic growth, and human development strategies along with population strategies in a low-carbon 
development framework to address regional issues within each province. 

In general, several provinces in Indonesia show a negative link between unemployment and environmental degradation. 
However, there is a considerable diversity in space. The focus is on geographic areas that have concentrated economic 
activities, such as manufacturing, mining and quarrying, transport and tourism. Those regions experience a lack of economic 
activity and employment coupled with a lack of environmental pressure. However, in West Kalimantan, Aceh, North Sumatra, 
Riau, West Sumatra, and the Riau Islands provinces, there is no statistically significant link between unemployment and 
environmental degradation. Here, environmental degradation is caused by the expansion of extractive industries and plantation 
agriculture. It is also caused by the construction of infrastructural networks and urban areas. It can be concluded that the 
regional economic structures and other socioeconomic factors dictate the linkage between unemployment and environmental 
degradation. 

Regional income influences environmental quality, but the EPC hypothesis only applies in regions with high levels of regional 
income. The influence of human resource quality on environmental quality varies across provinces but generally has the 
potential to reduce environmental degradation throughout Indonesia. High environmental literacy and the development of a 
green economy can increase public awareness of the environment. Improvements in education, health, and welfare play a 
crucial role in fostering environmental awareness. Increasing energy consumption reduces environmental degradation caused 
by the transition from fossil fuels to clean energy sources such as hydroelectric power plants (PLTA), solar power plants 
(PLTS), wind power plants (PLTB), and geothermal power plants (PLTP). Gradually increasing government investment in 
clean energy sources can reduce environmental pressure. 

Indonesia’s population continues to grow, but population growth is not significantly associated with environmental 
degradation at the provincial level. This finding suggests that variations in environmental pressure across provinces are more 
closely associated with differences in regional economic structures, urbanization and labor mobility, and environmental 
management than with population growth alone. 

 
9. Limitations and Future Research 

 
One of the limitations of this study is that energy use is approximated by the available electricity to the general population. It 
does not include the consumption of fossil fuels in the transport and industrial sectors. Additionally, the data on unemployment 
do not differentiate between males and females. This is because of the lack of female unemployment data for some of the 
provinces.  
 
Future research is encouraged to examine the role of non-renewable energy consumption and use gender-disaggregated 
unemployment data to provide a more comprehensive understanding of the relationship between labor market conditions and 
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environmental degradation. These extensions may help capture differences in energy use and labor market participation across 
regions and further strengthen the existing literature on the Environmental Phillips Curve. 
 
References 

 

Acheampong, A. O., & Opoku, E. E. O. (2023). Environmental degradation and economic growth: Investigating linkages and 
potential pathways. Energy Economics, 123, 106734. https://doi.org/10.1016/j.eneco.2023.106734 

Anser, M. K., Syed, Q. R., Apergis, N., & Yousaf, Z. (2021). Exploring a new perspective of sustainable development drive 
through environmental Phillips curve in the case of the BRICST countries. Environmental Science and Pollution 

Research, 28(35), 48112–48122. https://doi.org/10.1007/s11356-021-14056-5 
Ayad, H., & Djedaiet, A. (2024). Does the unemployment rate matter for environmental issues in the G7 nations? New testing 

for the environmental Phillips curve using the load capacity factor. Environment, Development and Sustainability. 
Advance online publication. https://doi.org/10.1007/s10668-024-04956-0 

Azimi, M. N., & Rahman, M. M. (2024). Examining the environmental Phillips curve hypothesis in G7 nations: Critical 
insights from wavelet coherence and wavelet causality analysis. Quality & Quantity. Advance online 
publication. https://doi.org/10.1007/s11135-024-01909-7 

Bappenas. (2023). Indonesia Green Economy Roadmap 2023–2045.  
Besnili Memiş, O., & Sapancalı, F. (2024). Impact of global climate change on the labour market: Evidence from 

Türkiye. İzmir İktisat Dergisi, 39(2), 361–374. https://doi.org/10.24988/ije.1368048 
Bhowmik, R., Syed, Q. R., Apergis, N., Alola, A. A., & Gai, Z. (2022). Correction to: Applying a dynamic ARDL approach 

to the Environmental Phillips Curve (EPC) hypothesis amid monetary, fiscal, and trade policy uncertainty in the 
USA. Environmental Science and Pollution Research, 29(10), 14929. https://doi.org/10.1007/s11356-021-17227-6 

BPS. (2020). Proyeksi Penduduk Indonesia 2020–2050 Hasil Sensus Penduduk 2020. Badan Pusat Statistik. 
BPS. (2023). Indeks Pembangunan Manusia Menurut Provinsi, 2023.   
BPS. (2024). Indeks Pembangunan Manusia Menurut Provinsi, 2024.  
BPS. (2025). Gross Regional Domestic Product of Provinces in Indonesia by Industry 2020-2024 (18th ed.). BPS-Statistics 

Indonesia. https://www.bps.go.id/id/publication/2025/04/11/ 
Cahigas, M. M. L., Prasetyo, Y. T., Persada, S. F., & Nadlifatin, R. (2022). Factors affecting visiting behavior to Bali during 

the COVID-19 pandemic: An extended theory of planned behavior approach. Sustainability, 14(16), 
10424. https://doi.org/10.3390/su141610424 

Caraka, R. E. (2017). Spatial Data Panel. Wade Group. 
Comber, A., Brunsdon, C., Charlton, M., Dong, G., Harris, P., Lu, B., & Yu, D. (2023). A route map for successful applications 

of geographically weighted regression. Geographical Analysis, 55, 155–178. https://doi.org/10.1111/gean.12316 
Danlin, Y., Li, Z., & Huang, Z. (2021). The varying effects of accessing high-speed rail system on China's county 

development: A geographically weighted panel regression analysis. Land Use Policy, 100, 
104935. https://doi.org/10.1016/j.landusepol.2020.104935 

Ecadin. (2025). Danantara to Launch 33 Waste-to-Energy Projects Across Indonesia. https://ecadin.org/danantara-to-launch-
33-waste-to-energy-projects-across-indonesia/ 

Edeme, R. K., Emeka, E. T., & Ogbuabor, J. E. (2024). Global uncertainty, climate change and the unemployment-economic 
growth relationship in Nigeria. Journal of Development Policy and Practice, 9(2), 238–
256. https://doi.org/10.1177/24551333231208296 

Ehrlich, P. L. (2017). The population bomb. In The Top 50 Sustainability Books (pp. 22–26). 
Routledge. https://doi.org/10.4324/9781351279086-9 

ESDM. (2024). Laporan Kinerja Energi Baru Terbarukan dan Konservasi Energi. [Ministry of Energy and Mineral 
Resources, Indonesia]. 

Fakoya, M. B. (2014). Carbon tax policy implications for economic growth and unemployment rates in South Africa: A 
conceptual thought. Environmental Economics, 5(3), 93–98. 

Fotheringham, A. S., Brunsdon, C., & Charlton, M. (2002). Geographically Weighted Regression. John Wiley & Sons Ltd. 
Fotheringham, A. S., & Oshan, T. M. (2016). Geographically weighted regression and multicollinearity: Dispelling the 

myth. Journal of Geographical Systems. Advance online publication. https://doi.org/10.1007/s10109-016-0239-5 
Gaveau, D. L. A., Locatelli, B., Salim, M. A., Yaen, H., Pacheco, P., & Sheil, D. (2022). Slowing deforestation in Indonesia 

follows declining oil palm expansion and lower oil prices. PLoS ONE, 17(3), 
e0266178. https://doi.org/10.1371/journal.pone.0266178 

Gill, A. R., Viswanathan, K. K., & Hassan, S. (2017). Is Environmental Kuznets Curve still relevant? International Journal 

of Energy Economics and Policy, 7(1), 156–165. 
Giyasova, Z., Lee, S., & Kim, J. (2025). Relationships between human development, economic growth, and environmental 

condition: The case of South Korea. Environmental Economics, 16(2), 73–83. https://doi.org/10.21511/ee.16(2).2025.06 
Gujarati, D. N., & Porter, D. C. (2012). Basic econometrics (5th ed.). McGraw-Hill Education. 
Güven, G. (2024). Urban unemployment, environmental preservation and trade policies in a small open economy with open 

access renewable resources. Journal of Cleaner Production, 440, 140912. https://doi.org/10.1016/j.jclepro.2024.140912 
Haciimamoğlu, T. (2023). A new approach to sustainable development: Analysis of the environmental Phillips curve 

hypothesis. Sosyoekonomi, 31(56), 11–25. https://doi.org/10.17233/sosyoekonomi.2023.02.01 



 

 

968 

Hasan, Z., Rahman, M. M., & Islam, M. R. (2025). Unravelling the environmental Phillips curve in ASEAN: The role of 
unemployment, economic growth, and innovation on carbon emission using PMG-ARDL approach. Discover 

Sustainability, 6, Article number. https://doi.org/10.1007/s43621-025-02189-3 
Hashmat, A., Ghouse, G., & Ahmad, N. (2020). Impact of economic and environmental dynamics on human development: 

An analysis of HDI classifications. Bulletin of Business and Economics, 12(3), 69–80. https://doi.org/10.61506/01.00112 
Hastin, M. (2026). Determinants of environmental quality, economic growth, and income inequality in Indonesia: A panel 

econometric analysis across provinces. JPPI (Jurnal Penelitian Pendidikan Indonesia), 12(1), 31–
40. https://doi.org/10.29210/020256735 

Hussain, A., & Dey, S. (2021). Revisiting environmental Kuznets curve with HDI: New evidence from cross-country panel 
data. Journal of Environmental Economics and Policy, 10(3), 324–342. https://doi.org/10.1080/21606544.2021.1880486 

Idroes, G. M., Suhendra, I., & Husin, M. (2025). Investigating hydropower energy consumption's effect on Southeast Asia's 
path to achieving environmental sustainability and carbon neutrality. Carbon Research, 4(1), Article 
number. https://doi.org/10.1007/s44246-025-00218-4 

Jain, M., & Nagpal, A. (2019). Relationship between environmental sustainability and human development index: A case of 
selected South Asian nations. Vision, 23(2), 125–133. https://doi.org/10.1177/0972262919840202 

Jakob, A., Hasibuan, S., & Fiantis, D. (2022). Jakarta, Indonesia are due to seasonal variation, not restricted 
movements. Environmental Research, 208, 112391. https://doi.org/10.1016/j.envres.2021.112391 

Javaheri, B., Azizi, V., & Shahveisi, H. (2024). Political freedom, human development and environmental sustainability in 
Iran. Stable Economy Journal, 5, 116–149. https://doi.org/10.22111/SEDJ.2024.47601.1430 

Kaika, D., & Zervas, E. (2013). The Environmental Kuznets Curve (EKC) theory—Part A: Concept, causes and the CO2 
emissions case. Energy Policy, 62, 1392–1402. https://doi.org/10.1016/j.enpol.2013.07.131 

Kashem, M. A., & Rahman, M. M. (2020). Environmental Phillips Curve: OECD and Asian NICs perspective. Environmental 

Science and Pollution Research, 27(34), 43414–43415. https://doi.org/10.1007/s11356-020-10992-w 
Kemnaker. (2025). Tenaga Kerja Ter-PHK 2025. https://satudata.kemnaker.go.id/data/kumpulan-data/3010 
KLHK. (2023). Status Lingkungan Hidup Indonesia. [Ministry of Environment and Forestry, Indonesia]. 
Kono, D. Y. (2020). Compensating for the climate: Unemployment insurance and climate change votes. Political 

Studies, 68(1), 167–186. https://doi.org/10.1177/0032321719836066 
Koyuncu Çakmak, T., Beşer, M. K., & Alola, A. A. (2023). Environmental effect of high-, upper, and lower middle-income 

economies' energy mix: Is there a trade-off between unemployment and environmental quality? Energy and 

Environment, 36(2), 1–19. https://doi.org/10.1177/0958305X231187034 
Kuznets, S. (1955). Economic growth and income inequality. The American Economic Review, 45(1), 1–

28. https://www.jstor.org/stable/1811581 
Liu, T. Y., & Lin, Y. (2023). Does global warming affect unemployment? International evidence. Economic Analysis and 

Policy, 80, 991–1005. https://doi.org/10.1016/j.eap.2023.09.028 
Mahmood, H., Alkhateeb, T. T. Y., & Furqan, M. (2023). The environmental Kuznets curve and renewable energy 

consumption: A review. International Journal of Energy Economics and Policy, 13(3), 279–291. 
Managi, S., & Sugiawan, Y. (2016). The environmental Kuznets curve in Indonesia: Exploring the potential of renewable 

energy. Energy Policy, 98, 187–198. https://doi.org/10.1016/j.enpol.2016.08.029 
Meyer, A. (2016). Is unemployment good for the environment? Resource and Energy Economics, 45, 18–

30. https://doi.org/10.1016/j.reseneeco.2016.04.001 
Mire, M. S., Sumarno, T. B., & Prasetyo, A. (2024). Analysis of socioeconomic and industrial development and its impact on 

environmental quality and unemployment in Indonesia. International Journal of Research and Scientific 

Innovation, X(XII), 176–191. https://doi.org/10.51244/ijrsi.2023.1012015 
Nabaweesi, J., Namagembe, S., & Nkote, I. N. (2024). Investigating the modern renewable energy-environmental Kuznets 

curve (REKC) hypothesis for East Africa Community (EAC) countries. Technological 

Sustainability, 3(1). https://doi.org/10.1108/TECHS-09-2023-0037 
Ng, C. F., Tan, Y. L., & Wan, K. K. (2023). Unemployment rate, clean energy, and ecological footprint in OECD 

countries. Environmental Science and Pollution Research, 30(15), 42863–42872. https://doi.org/10.1007/s11356-021-
17966-6 

Ntom Udemba, E., Khan, N. U., & Raza Shah, S. A. (2024). Demographic change effect on ecological footprint: A tripartite 
study of urbanization, aging population, and environmental mitigation technology. Journal of Cleaner Production, 437, 
140406. https://doi.org/10.1016/j.jclepro.2023.140406 

Okon, E. O. (2019). Population structure and environmental degradation. Bussecon Review of Social Sciences, 1(2), 18–
27. https://doi.org/10.36096/brss.v1i2.110 

Özdemiri, M. Ç. (2020). Voluntary unemployment. In Labor Economics Selection Articles (pp. 113–150). 
Pattiruhu, J. R., & Kriekhoff, S. (2022). Energy consumption impact on economic management: Evidence from Indonesian 

economy. International Journal of Energy Economics and Policy, 12(3), 270–279. 
Peacock, S. H. (2018). Effect of ecosystem literacy on understanding the impact of human population growth on the 

environment—A multiple case study. Ecopsychology, 10(3), 181–188. https://doi.org/10.1089/eco.2018.0006 
Pujiati, A., Nurbaeti, T., & Damayanti, N. (2026). What are the factors that determine differing levels of environmental 

quality? Evidence from Java and other islands in Indonesia. Management of Environmental Quality: An International 

Journal, 34(2), 290–307. https://doi.org/10.1108/MEQ-02-2022-0034 



F. Muslihatinningsih et al.  / Decision Science Letters 15 (2026) 969

Rizky, A., Suksessanno, P., & Adi, D. (2021). Effect of large-scale social restriction (PSBB) during COVID-19 on outdoor 
air quality: Evidence from five cities in DKI Jakarta Province, Indonesia. Environmental Research, 197, 
111164. https://doi.org/10.1016/j.envres.2021.111164 

Rum, I. A., Suryanto, S., & Widodo, T. (2024). Exploring carbon footprints and carbon intensities of Indonesian provinces in 
a domestic and global context. Frontiers in Environmental Science, Article 1325089, 1–
15. https://doi.org/10.3389/fenvs.2024.1325089 

Sahin, G., Naimoglu, M., Kavaz, I., & Sahin, A. (2025). Examining the environmental Phillips curve hypothesis in the ten 
most polluting emerging economies: economic dynamics and sustainability. Sustainability, 17(3), 
920. https://doi.org/10.3390/su17030920” 

Saidi, K., & Omri, A. (2020). The impact of renewable energy on carbon emissions and economic growth in 15 major 
renewable energy-consuming countries. Environmental Research, 186, 

109567. https://doi.org/10.1016/j.envres.2020.109567 
Samways, D. (2022). Population and sustainability: Reviewing the relationship between population growth and environmental 

change. The Journal of Population and Sustainability, 15–41. https://doi.org/10.3197/jps.63772239426891 
Sekaran, U., & Bougie, R. (2017). Metode penelitian untuk bisnis. Salemba Empat. 
Setyawati, D., & Setiawan, D. (2024). Indonesia's expansion of clean power can spur growth and equality. Report Indonesia 

JETP. 
Shahbaz, M., Raghutla, C., Chittedi, K. R., Jiao, Z., & Vo, X. V. (2020). Public-private partnerships investment in energy as 

new determinant of CO2 emissions: The role of technological innovations in China. Energy Economics, 86, 
104664. https://doi.org/10.1016/j.eneco.2020.104664 

Shahreen, S. (2022). Vanishing act: Deforestation in Indonesia.   
Shastri, S., Mohapatra, G., & Giri, A. K. (2023). The Environmental Philips Curve from a gender perspective: Empirical 

evidence from India. Environmental Science and Pollution Research, 30(7), 17487–
17496. https://doi.org/10.1007/s11356-022-23336-7 

Sisdwinugraha, A. P., Wibowo, A., & Nugroho, B. (2024). Indonesia Energy Transition Outlook 2025: Navigating Indonesia's 
energy transition at the crossroads: A pivotal moment for redefining the future. Institute for Essential Services Reform 

(IESR), 5, 114. 
Soeparno, W. S. I., Rachman, T., & Santoso, B. (2024). Economic growth, population density, and human development: Key 

drivers of environmental quality in Indonesia. International Journal on Economics, Finance and Sustainable 

Development, 6(8), 121–128. https://doi.org/10.31149/ijefsd.v6i7.5310 
Soku, M. G., Amidu, M., & William, C. (2023). Environmental tax, carbon emission and female economic inclusion. Cogent 

Business and Management, 10(2), 2210355. https://doi.org/10.1080/23311975.2023.2210355 
Tariq, S., Haq, I., & Khan, M. A. (2022). Exploring the existence of environmental Phillips curve in South Asian 

countries. Environmental Science and Pollution Research, 29(23), 35396–35407. https://doi.org/10.1007/s11356-021-
18099-6 

Teeli, A. A., Shah, S. A. R., & Bhuiyan, M. A. (2025). Zero emissions and zero unemployment: A feasible future or conflicting 
objectives? Journal of Cleaner Production, 15(3), 727–734. 

Thoday, K., Benjamin, P., Gan, M., & Puzzolo, E. (2018). The Mega Conversion Program from kerosene to LPG in Indonesia: 
Lessons learned and recommendations for future clean cooking energy expansion. Energy for Sustainable 

Development, 46, 71–81. https://doi.org/10.1016/j.esd.2018.05.011 
Unat, E. (2020). A review of Malthusian theory of population under the scope of human capital. FORCE: Focus on Research 

in Contemporary Economics, 1(2), 132–147. https://www.forcejournal.org/index.php/force/article/view/14 
World Resources Institute (WRI). (2022). Drivers of deforestation in Indonesia: Corporate and policy 

dynamics. https://www.wri.org/asia/wri-indonesia 
WorldBank. (2021). The World Bank: Indonesia Second Financial Sector Reform Development Policy Financing. 
Yao, S., Zhang, S., & Zhang, X. (2019). Renewable energy, carbon emission and economic growth: A revised environmental 

Kuznets Curve perspective. Journal of Cleaner Production, 235, 1338–
1352. https://doi.org/10.1016/j.jclepro.2019.07.069 

Yau, J. G., & Tan, S. (2022). The Kuznets curve, information and communication technology, and income inequality in 
Malaysia. Journal of Business and Economics, 16(7), 163–177. 

Yavuz, E., Kilic, E., & Caglar, A. E. (2024). A new hypothesis for the unemployment-environment dilemma: Is the 
environmental Phillips curve valid in the framework of load capacity factor in Turkiye? Environment, Development and 

Sustainability, 26(11), 29475–29492. https://doi.org/10.1007/s10668-023-04258-x 
Yusuf, A. (2023). Dynamic effects of energy consumption, economic growth, international trade and urbanization on 

environmental degradation in Nigeria. Energy Strategy Reviews, 50, 101228. https://doi.org/10.1016/j.esr.2023.101228 
 
 

 



 

 

970 

    

© 2026 by the authors; licensee Growing Science, Canada. This is an open access article 
distributed under the terms and conditions of the Creative Commons Attribution (CC-BY) license 
(http://creativecommons.org/licenses/by/4.0/). 

 


