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The Environmental Quality Index (EQI) represents a numerical measure used to assess Indonesia’s en-
vironmental conditions and is published annually by the Ministry of Environment and Forestry. In 2019,
the EQI was recorded at 66.55, reflecting a decline of 5.12 points from 71.67 in 2018. This study aimed
to analyze EQI across 34 Indonesian provinces during the 2018-2022 period using the Geographically
Weighted Panel Regression (GWPR) approach. Data were obtained from the official Statistics Indone-
sia website. The purpose of employing GWPR was to capture both spatial and temporal variations in
the factors influencing EQI, recognizing that environmental dynamics differ by region. Model selection
tests for panel data indicated that the Fixed Effects Model (FEM) was the most appropriate specifica-
tion. Therefore, GWPR was applied in combination with FEM to improve estimation accuracy. The
results showed that the significant determinants of EQI varied across provinces, highlighting the hetero-
geneous nature of environmental challenges. The GWPR with Fixed Effect Model achieved a global R?
of 84.38%, a substantial improvement compared to the 42.52% R? from the conventional global Fixed
Effect panel regression. This finding confirmed that GWPR provided stronger explanatory power by in-
corporating local variations into the analysis. The study concluded that adopting GWPR is essential for
more precise modeling of environmental quality. Furthermore, the results highlighted the importance
of region-specific environmental policies tailored to each province’s unique conditions in Indonesia.

Accredited by Kemenristekdikti, Decree No: 200/M/KPT/2020
DOI: https://doi.org/10.30812/varian.v8i3.5416

Corresponding Author:

Ruliana,

Department of Statistics, Universitas Negeri Makassar,

Email: ruliana.t@unm.ac.id

Copyright ©2025 The Authors.
This is an open access article under the CC BY-SA license.

©Nole

How to Cite:

Mar’ah. Z., Ruliana, R., Fikriani, N. A., Ikhwana, N. (2025). Spatio-Temporal Using Geographically Weighted Panel Regression for
Modeling Environmental Quality Index. Jurnal Varian, 8(3), 333-346.
This is an open access article under the CC BY-SA license (https://creativecommons.org/licenses/by-sa/4.0/)

A. INTRODUCTION

interdependence wherein each influences the other. While nature often affects human beings passively, human activities actively

shape the environment, frequently leading to its degradation or improvement. A well-maintained environment contributes to human

well-being and supports sustainable development, whereas environmental decline can significantly impact public health, economic

productivity, and overall quality of life (Ansari et al., 2021; Saini et al., 2020).

Indonesia, as an archipelagic nation rich in natural resources, possesses tremendous ecological diversity that supports economic

growth and social development. However, improper environmental management, including unsustainable land use, air and water pol-
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lution, and deforestation, has led to a decline in environmental quality in many regions (Khan et al., 2021). To monitor environmental
performance, the Indonesian Ministry of Environment and Forestry (KLHK) annually reports the Environmental Quality Index (EQI),
which integrates three main components: the Air Quality Index (AQI), the Water Quality Index (WQI), and the Land Cover Quality
Index (LCQI) (KLHK, 2019).

Various studies have examined EQI in different contexts. For example, Listyaningrum et al. (2022) analyzed EQI in a metropoli-
tan university setting, and Fakher (2019) evaluated the environmental quality from 1996 to 2016. While these studies provide impor-
tant insights, most rely solely on cross-sectional or temporal data and do not explicitly incorporate spatial and temporal heterogeneity
in their modeling.

Given the spatially diverse nature panel of environmental phenomena and the importance of tracking changes over time, sta-
tistical models that account for both geographical variation and temporal dynamics are essential. Regression analysis serves as a
fundamental statistical method for identifying the relationship between predictor variables and a response variable. More specifically,
panel data regression combines cross-sectional and time-series observations, allowing for richer inferences. However, standard panel
models often assume homogeneity across spatial units, which may not be realistic in a geographically and ecologically diverse coun-
try like Indonesia. To address this limitation, the Geographically Weighted Panel Regression (GWPR) model has been developed,
integrating the spatial flexibility of Geographically Weighted Regression (GWR) with the longitudinal strength of panel data struc-
tures (Musella et al., 2023). This model is particularly suitable when the influence of predictor variables varies across locations and
time, capturing spatial heterogeneity more effectively.

Previous applications of GWPR include a study by Bruna & Yu (2016), who applied GWPR with fixed effects in regional eco-
nomic development analysis in Europe. In the Indonesian context, Mar’ah & Sifriyani (2023) implemented the GWPR approach to
model COVID-19 case distributions across provinces. Inspired by these developments, the current study applies the GWPR model to
Environmental Quality Index (EQI) data in Indonesia from 2018 to 2022, aiming to identify province-specific determinants of envi-
ronmental quality and how they vary both spatially and temporally. This research is important because it addresses the methodological
gap in previous EQI studies that overlooked spatial-temporal heterogeneity, provides more precise insights into the localized drivers
of environmental quality, and generates evidence-based knowledge to support region-specific environmental policies. By integrating
spatial and temporal dynamics, this study not only advances statistical modeling in environmental research but also strengthens the
scientific basis for sustainable development strategies in Indonesia. By incorporating spatial and temporal perspectives, this research
not only enriches the field of environmental studies but also provides a stronger foundation for sustainable development initiatives
in Indonesia. The insights obtained are expected to deliver tangible benefits to communities and ecosystems by enabling policymak-
ers to implement more precise, context-specific strategies. With improved knowledge of region-specific environmental challenges,
authorities can allocate resources more effectively, prioritize vulnerable areas, and design interventions that directly enhance public
health, economic security, and social welfare. For citizens, this can foster cleaner living environments, improved access to safe water,
and greater resilience against ecological risks. For nature, better environmental management contributes to biodiversity conservation,
ecosystem restoration, and the reduction of climate-related threats. Ultimately, the study supports both the protection of Indonesia’s
natural wealth and the advancement of human well-being across generations.

B. RESEARCH METHOD

The data used in this research are secondary data obtained from the official website of Statistics Indonesia (2022), the publication
Indonesian Environmental Statistics in Figures for 2022, and the Ministry of Environment and Forestry’s Statistical Information
System (KLHK, 2019). This study uses a balanced panel dataset that combines annual data from 2018 to 2022 and data from 34
provinces in Indonesia, yielding 170 total observations. Variables used are the environmental quality index (Y), air quality index
(X1), water quality index (X2), land cover quality index (X3), human development index (X4), percentage of households that have
adequate sanitation (X5), number of poverty (X6), and population density (X7). The flowchart of the analysis stage is shown in
Figure 1, with the stages in analyzing the data carried out in this research as follows:

1. Exploring the environmental quality index
2. Determining the panel regression model (“The Error Component Model”).

a. Chow test is a statistical test used to determine the best model between the Fixed Effect Model (FEM) and the Common Effect
Model (CEM) to estimate panel data.

b. The Hausman test is a statistical test used to determine the best model between the Fixed Effect Model (FEM) and the Random
Effect Model (REM) to estimate panel data.
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Testing the normality of the residuals from the panel data regression model using the Kolmogorov-Smirnov test.
Testing the multicollinearity by calculating the VIF (Variance Inflation Factor) value of each predictor.
Testing the heteroscedasticity of panel data using the Breusch-Pagan test.

AN

Transforming panel data using the within estimator (Giesselmann & Schmidt-Catran, 2019) because the best panel regression
model is FEM. The within estimator is shown in Equation (1).

Ui =Y — Ui (D

where ¢; is the result of the transformation at the i-th location, y; is the observed value at the i-th location, and ¥; is the average
observed value at the i-th location.
7. Selecting the best kernel based on the smallest Cross Validation (CV) value. There are two types of kernels used in this research.

Gaussian Kernel shown in Equation (2).
1/di;\°
wj (us,v;) = exp {—5 (b_]> } 2
3

Bisquare Kernel shown in Equation (3).
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Which, w;; is the weight of the i-th location and the j-th location, b; is the bandwidth of the i-th location, and d;; is the Euclidean
distance of the i-th location and the j-th location (Harianto et al., 2021).

8. Performing Geographically Weighted Panel Regression (GWPR) modeling on panel data with the best kernel weighting. The
general GWPR model is shown in Equation (4) (Mar’ah & Sifriyani, 2023).

P

vit = Bo (it, vie) + Y Br (Wi, Vir) Tiak, + Eir “
k=1

Where: = 1,2,3,..., N (observation location), t = 1,2, 3,...,T (observation time), k = 1,2, 3, ..., p (predictor variable), y;;
is the response variable value at the i-th observation and ¢-th time, (¢, v;¢) is the coordinate point of the i-th observation location
and t-th time, B (uis, v;¢) is the intercept from the i-th observation and time ¢, @, is the value of the k-th predictor variable at
the i-th observation and ¢-th time, and &;; is the residual at the i-th observation location and ¢-th time .
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Figure 1. The stages of data analysis
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C. RESULT AND DISCUSSION
1. Data Exploration
To enhance comprehension of spatial and temporal variations in environmental conditions across Indonesia, Figure 2 illus-
trates changes in the Environmental Quality Index (EQI) from 2018 to 2022. The figure emphasizes both regional disparities and
evolving trends in environmental performance. Examination of the lowest and highest EQI values offers insight into provinces
facing considerable environmental pressures and those demonstrating marked improvements.
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Figure 2. Distribution of the environmental quality index in Indonesia in 2018-2022

Figure 2 shows that the distribution of the Environmental Quality Index (EQI) in Indonesia from 2018 to 2022 varied
significantly across provinces. At the lower end, the lowest EQI value was recorded in the Jakarta Special Capital Region in
2018 at 39.06%, reflecting the environmental pressures of rapid urbanization and population density. In the following years,
Jakarta experienced a gradual increase, although the progress slowed, with only a 0.22% increase between 2021 and 2022.
Meanwhile, several provinces demonstrated relatively stable EQI levels, generally ranging from 60% to 75%, indicating moderate
environmental quality that did not change significantly over the five years.

On the other hand, the highest EQI was observed in West Papua in 2022, at 84.22%, suggesting that provinces with lower
industrial activity and richer natural resources tend to maintain higher environmental quality. The year 2020 marked a noticeable
decline in several provinces, indicating a temporary setback in environmental conditions, followed by a partial recovery in
subsequent years. Overall, the five-year trend highlighted regional disparities: urban and industrialized provinces struggled to
improve environmental quality, while less populous and resource-rich provinces maintained higher EQI scores. This pattern
highlighted the need for targeted, localized environmental management strategies across Indonesia.

2. Selection of Panel Data Regression Model

a. Chow Test

The null hypothesis (Hy) states that the model used is the Common Effect Model (CEM), while the alternative hypothesis
(H,) states that the more appropriate model is the Fixed Effect Model (FEM). Chow test produced an F value of 3.329 and
a p-value of 6.056 x 10~7, which is smaller than the significance level of 0.05, indicating that the null hypothesis—stating
that the Common Effect Model (CEM) is more appropriate—was rejected. This statistical outcome suggested a significant
individual effect across the cross-sectional units in the panel data, and therefore, the Fixed Effect Model (FEM) provided a
better fit. In other words, FEM was better at capturing heterogeneity among entities, making it the preferred model for further
analysis (see Table 1).

Table 1. Chow Test

F dflt  df2 p-value
3329 33 129 6.056x 10-7

b. Hausman Test

The null hypothesis (Hy) states that the model used is the Random Effect Model (REM), while the alternative hypothesis
(H') states that the more appropriate model is the Fixed Effect Model (FEM). Hausman test produced a chi-squared value
of 91.393 and a p-value of 2.2 x 1072, which is smaller than the significance level of 0.05. This result indicated that the
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null hypothesis—stating that the Random Effects Model (REM) is consistent and efficient—was rejected. Consequently,
the Fixed Effects Model (FEM) was preferred, as it provided more reliable estimates by accounting for potential correlation
between the regressors and the individual-specific effects. Therefore, FEM was considered the more appropriate model for
this analysis (see Table 2).

Table 2. Hausman Test

X2 df p-value
91.393 7 2.2x10-12

3. Normality Test of Residuals

Based on the results of the Kolmogorov-Smirnov normality test, the D value is 0.049 and the p-value is 0.40, which is
greater than the significance level of 0.05. This indicates that we failed to reject the null hypothesis of normality, suggesting
that the residuals were normally distributed. The normality of residuals is an important assumption in regression analysis, as it
ensures the validity of statistical inference, including hypothesis testing and confidence interval estimation.

4. Multicollinearity Test

Before proceeding with the regression analysis, it is essential to examine multicollinearity among the predictor variables,
as high intercorrelation can distort coefficient estimates and reduce the model’s reliability. Table 3 shows the results of the
multicollinearity test using the Variance Inflation Factor (VIF).

Table 3. Hausman Test

Variable X1 X2 X3 X4 X5 X6 X7
VIF 3507  1.325  1.817 289 2249 1447 2603

The test results for all predictor variables showed Variance Inflation Factors (VIFs) less than 10. This means there was no
multicollinearity, or, in other words, no strong linear relationships among the predictor variables. A VIF below the commonly
accepted threshold of 10 suggests that the variance of the estimated regression coefficients is not inflated by multicollinearity.
This ensures that the model’s estimates are stable and interpretable, and that each predictor contributes uniquely to explaining
the variation in the dependent variable.

5. Heteroscedasticity Test

The heteroscedasticity test shows that the Breusch Pagan value is 57.644 and the p-value is 4.451 x 10~1°, which is smaller
than the significance level of 0.05; therefore, it is indicated that there was heteroscedasticity in the data distribution or the
homoscedasticity assumption in the panel data regression was not fulfilled. The presence of heteroscedasticity indicated spatial
heterogeneity in the data; hence, a Geographically Weighted Panel Regression model was applied.

6. Geographically Weighted Panel Regression (GWPR) Model

The Geographically and Temporally Weighted Regression (GWPR) model integrates the principles of Geographically
Weighted Regression and panel data regression. Before parameter estimation, data transformation is conducted using the within
estimator method, as the Fixed Effects Model was previously identified as the most suitable. This transformation involves de-
ducting each variable’s value by its average over time for a given unit. To determine the appropriate kernel, Euclidean distance
was employed to measure spatial proximity between provinces.

Table 4. Kernel Selection

Kernel Cv
Adaptive Gaussian ~ 277.945
Adaptive Bisquare =~ 291.043

The optimal bandwidth was selected as the one that yielded the lowest Cross-Validation (CV) score. For the weighting
scheme, either the Adaptive Gaussian or the Adaptive Bisquare functions were considered. Based on the CV results summarized
in Table 4, the Adaptive Gaussian kernel demonstrated the lowest CV value and was therefore utilized for spatial weighting in
the model. As the Adaptive Gaussian kernel was selected, the bandwidth for each location is shown in Table 5.
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Table 5. Bandwidth in Each Location

Province Bandwidth Province Bandwidth
Bali 19.327 Riau Island 23.145
Bangka Belitung Islands 23.709 Lampung 24.773
Banten 24.288 Maluku 29.451
Bengkulu 27.800 North Maluku 27.107
DI Yogyakarta 20.256 Aceh 34.325
DKI Jakarta 23.489 West Nusa Tenggara 20.817
Gorontalo 21.694 East Nusa Tenggara 21.770
West Papua 32.380 Papua 37.447
Jambi 27.762 Riau 28.656
West Java 22.804 West Sulawesi Barat 29.451
Central Java 20.384 South Sulawesi 26.231
East Jawa 19.736 Central Sulawesi 20.657
West Kalimantan 18.903 Southeast Sulawesi 21.644
South Kalimantan 17.976 North Sulawesi 23.215
Central Kalimantan 17.813 West Sumatera 29.451
North Kalimantan 17.017 South Sumatera 26.231
East Kalimantan 17.017 North Sumatera 31.065

The adaptive Gaussian kernel produced different bandwidths across provinces, as shown in Table 5. This variation reflects
the kernel’s ability to adapt locally to the spatial distribution of data points. Unlike fixed-bandwidth methods, the adaptive
approach allows the kernel to use narrower bandwidths in densely populated areas and wider ones in sparsely populated regions.
This flexibility enhances the accuracy of geographically weighted panel regression by capturing local spatial heterogeneity more
effectively, ensuring that the model reflects region-specific relationships between variables.

Adaptive means each province has a different weight. Each bandwidth and distance obtained was substituted into Equation
(2). These weights were used to estimate the GWPR model’s parameters. GWPR is a point-approach model; therefore, the
number of models formed equals the number of observation locations. There were 34 provinces in Indonesia, hence 34 models
were formed. The GWPR model included parameters that significantly influenced the response variable, EQI. For example, the
model for South Sulawesi Province included the significant parameters shown in Table 6.

Table 6. Significance Test of GWPR Model Parameters for South Sulawesi

Variable Parameter Estimate = Standard Error  t-value  p-value

Intercept -0.0901 0.8577 -0.1050 0.917
X1 0.3933 0.1396 2.8168 0.008
X2 0.0828 0.1079 0.7672 0.449
X3 0.2433 0.0647 3.7607 0.001
X4 0.0675 0.2994 0.2254 0.823
X5 0.2306 0.0585 3.9396 0.000
X6 0.0003 0.0004 0.7637 0.451
X7 -0.0005 0.0002 -1.9539 0.059

The predictor variable is said to significantly influence the response variable when the p-value is smaller than the significance
level of 0.1. Table 6 shows that in South Sulawesi Province, there were four predictor variables that significantly influenced EQI
they were the air quality index (X1), the land cover quality index (X3), the percentage of households that have adequate sanitation
(X5), and the population density (X7). Therefore, the GWPR model for South Sulawesi Province is shown in Equation (5).

Vautser = 0.3933X 1 + 0.2433X 3 + 0.2306X 5 — 0.0005X 7 (5)

Equation 5 states that if the air quality index increases by 1 unit, the EQI in Sulawesi Selatan will increase by 0.3933%.
If the land cover quality index increases by one unit, then EQI will increase by 0.2433%. If the percentage of of households
with adequate sanitation increases by 1 unit, then EQI will increase by 0.2306%. And if the population density increases by one
unit, then EQI will decrease by 0.0005%. The coefficient of determination for the GWPR model in Sulawesi Selatan is 0.82,
indicating that the predictor variables explain 82% of the Environmental Quality Index, with the remaining 18% explained by
other factors not included in the research.
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The GWPR model in each province was different; therefore, the predictor variables that significantly influenced EQI also
vary. Figures 3 to 9 show the predictor variables that had a significant effect in each province in Indonesia.
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Figure 3. Map of Indonesian provinces showing air quality index as a significant factor in EQI

Figure 3 illustrates the distribution of Indonesian provinces according to the significance of air quality in influencing en-
vironmental quality. Provinces shaded in orange were identified as areas where air quality had a significant impact on the
Environmental Quality Index (EQI). In contrast, provinces shaded in green represented areas where air quality had no significant
effect. The map showed that the majority of provinces across Sumatra, Java, Kalimantan, Sulawesi, Papua, and other regions
fell into the orange category. This indicated that air pollution and poor air quality played a crucial role in shaping environmental
conditions across most of the country.

Furthermore, only a limited number of provinces were shaded green, suggesting that their environmental quality was shaped
more by other factors such as water quality, land use, or natural resource management. The dominance of orange provinces
highlighted that air pollution control had been a pressing challenge across Indonesia. These findings emphasized the need for
targeted policies to address air quality problems, particularly in urbanized and industrialized provinces where emissions were
higher. At the same time, provinces with non-significant results could serve as models for identifying alternative environmental
drivers beyond air quality that sustain ecological balance.
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Figure 4. Map of Indonesian provinces showing water quality index as a significant factor in EQI

Figure 4 illustrates the spatial variation of the influence of water quality on the Environmental Quality Index (EQI) across
Indonesian provinces. Provinces highlighted in orange were found to have a statistically significant relationship, indicating
that water quality strongly shaped environmental outcomes in those areas. In contrast, provinces shaded in green showed no
significant effect, suggesting that other environmental factors might have played a more dominant role in determining overall
quality. The results emphasized that water quality did not have a uniform effect and that its influence varied substantially across
regions.

This spatial patterning suggested that water management needed to be context-specific rather than generalized at the national
level. Provinces with significant impacts required stronger interventions to maintain and improve water quality and ensure
sustainable environmental conditions. Meanwhile, provinces where water quality was not significant likely relied on other
indicators, such as air quality, land cover, or waste management, to achieve environmental outcomes. These findings highlighted
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the need for tailored policy responses and resource allocation that account for regional disparities in environmental determinants.
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Figure 5. Map of Indonesian provinces showing water quality index as a significant factor in EQI

Figure 5 illustrates the spatial distribution of the effect of land cover quality on the Environmental Quality Index (EQI)
across Indonesian provinces. Provinces shaded in orange were found to exert a significant influence, indicating that land cover
strongly shapes environmental quality across most regions. In contrast, provinces highlighted in green showed no significant
effect, suggesting that in those areas other environmental components, such as water or air quality, might have played a more
dominant role. The overall pattern revealed that the majority of Indonesia, particularly Java, Sumatra, Sulawesi, Papua, and large
parts of Kalimantan, experienced a substantial impact of land cover on environmental conditions.

This finding suggested that land cover acted as a major determinant of environmental quality nationwide. Since most
provinces were significantly affected, efforts in environmental management and sustainability planning needed to prioritize land-
use and land-cover changes, such as deforestation control, urban expansion, and agricultural practices. Only a few provinces in
northern Borneo did not show significance, suggesting that more localized factors are at play. Thus, the results highlighted the
critical importance of monitoring land cover dynamics as part of environmental policy strategies across Indonesia.
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Figure 6. Map of Indonesian provinces showing human development index as a significant factor in EQI

Figure 6 illustrates the spatial distribution of provinces in Indonesia, where the Human Development Index (HDI) signifi-
cantly affected the Environmental Quality Index (EQI). Provinces shaded in orange, primarily located in eastern Indonesia, such
as Papua and Maluku, were found to experience a strong influence from HDI on environmental quality. Conversely, provinces
shaded in green, which were mainly concentrated in the western part of Indonesia, including Sumatra, Java, and parts of Kali-
mantan, showed no significant impact from HDI. This pattern indicated that disparities in human development were not equally
linked to environmental outcomes across the country.

The results suggested that HDI played a more critical role in shaping environmental quality in eastern regions than in western
regions. In areas with lower HDI, such as Papua, improvements in education, health, and economic opportunities likely had a
stronger impact on environmental conditions. Meanwhile, in the more developed western provinces, other factors, such as land
cover, air quality, and water quality, might have dominated environmental dynamics. This highlighted the importance of region-
specific strategies, where policies in eastern Indonesia needed to integrate human development initiatives with environmental
management to ensure balanced and sustainable progress.
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Figure 7. Map of Indonesian provinces showing the percentage households that have adequate sanitation as a significant factor in
EQI

Figure 7 illustrates the distribution of provinces in Indonesia, showing that the percentage of households with adequate
sanitation significantly affects the Environmental Quality Index (EQI). Provinces shaded in orange were identified as areas
where sanitation coverage exerted a strong influence on environmental quality, while provinces shaded in green were those
where sanitation did not have a statistically significant effect. The spatial distribution of these provinces was scattered across the
archipelago, with significant provinces spread between western, central, and eastern Indonesia. This pattern suggested that the
impact of sanitation was not concentrated in one specific region but varied depending on local conditions.

The findings indicated that adequate sanitation coverage played a critical yet uneven role in shaping environmental quality
across Indonesia. In provinces with significant sanitation improvements, access to proper sanitation facilities likely reduced pol-
lution levels and contributed to healthier environmental conditions. Meanwhile, in provinces where sanitation was not significant,
other factors such as land cover, water quality, or socio-economic variables might have overshadowed its effect. This highlighted
the importance of adopting localized policies and programs that accounted for regional differences in how sanitation influenced
environmental quality, rather than applying a uniform national approach.
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Figure 8. Map of Indonesian provinces showing the number of people in poverty as a significant factor in EQI

Figure 8 illustrates the distribution of Indonesian provinces where poverty was identified as a significant factor influencing
environmental quality. The map showed provinces in orange where poverty had a strong and statistically significant impact, while
provinces in green were categorized as not significant. These findings highlighted that the effect of poverty on environmental
quality was not uniform across the country. Instead, certain provinces were more vulnerable to the adverse consequences of
poverty, indicating that local socio-economic conditions played an important role in shaping environmental outcomes.

The significant provinces appeared scattered rather than concentrated in one geographic cluster, suggesting that poverty’s
influence varied by region. Some provinces in eastern Indonesia, as well as parts of Java and Sumatra, showed stronger links
between poverty and deterioration in environmental quality. In contrast, many other provinces showed no significant relationship,
implying that other factors might have played a larger role in determining environmental quality in those areas. This pattern sug-
gested that the relationship between poverty and environmental quality was region-specific and context-dependent, underscoring
the need for tailored policy approaches to address poverty’s environmental implications across Indonesia.
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Figure 9. Map of Indonesian provinces showing the population density as a significant factor in EQI

Figure 9 illustrates the provinces in Indonesia where population density was identified as a significant factor influencing
environmental quality. Provinces highlighted in orange, such as those in Sumatra, Java, Kalimantan, Sulawesi, and parts of Papua,
showed a strong, significant relationship between population density and environmental conditions. These results suggested that
areas with higher population densities tended to experience stronger environmental pressures, likely due to increased demand for
land, natural resources, and infrastructure. In contrast, provinces colored green did not show a significant relationship, indicating
that population density alone did not necessarily lead to deteriorating environmental quality across all regions.

The distribution of significant provinces was not confined to a single island or region but spread across multiple parts
of Indonesia. This pattern indicated that the impact of population density was highly context-dependent, varying with local
economic structures, land-use practices, and environmental management policies. While densely populated areas such as Java
faced more evident challenges, some less populated regions also showed significant influence, suggesting that even moderate
increases in population density could strain environmental systems under certain conditions. These findings emphasized that the
role of population density in shaping environmental quality was complex and region-specific, requiring policies that considered
both demographic pressures and local environmental capacities.

Recognizing that environmental challenges vary across regions, it is essential to pinpoint the specific factors driving EQI
locally. This localized approach acknowledges that no single variable uniformly affects all provinces; instead, each region may
face distinct environmental pressures—such as poor sanitation, limited access to clean water, or high levels of air pollution—that
shape its Environmental Quality Index (EQI). To capture this diversity, the subsequent table presents the influential variables
for each province, based on statistical analysis. Table 7 identifies the variables that significantly influence EQI at the 10%
significance level, highlighting which environmental indicators—such as household sanitation, the human development index, or
air quality—play a critical role in determining environmental quality across different parts of Indonesia. This information was
crucial for designing targeted interventions and region-specific environmental policies.

Table 7. Significant Variables in Each Province

No Province Significant Variables
1 Lampung X1, X2, X3, X5, X6, X7
2 Banten, DI Yogyakarta, DKI Jakarta, West Java, Central Java X1, X2, X3, X5, X6
3 West Papua, Maluku X1, X2, X3, X4, X6
4 South Kalimantan, Central Kalimantan X1, X2, X3, X5, X7
5 North Maluku X2, X3, X4, X6, X7
6 Bali, West Nusa Tenggara, East Nusa Tenggara, North Sulawesi X1, X2, X3, X7
7 Bangka Belitung Island, Riau Island, Aceh X1, X2, X3, X5
8 North Kalimantan, East Kalimantan X1, X2, X5, X7
9 Bengkulu, South Sulawesi, South Sumatera X1, X3, X5, X7
10 Papua X1, X2, X3, X4
11 Gorontalo, East Java, West Kalimantan, Central Sulawesi, Southeast Sulawesi X1, X2, X3
12 North Sumatera X1, X3, X5
13 Jambi X2, X5, X7
14 Riau, West Sulawesi X3, X4
15 West Sumatera X3, X5
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As shown in Table 7, in Lampung, all variables except the human development index (X4) significantly influenced the
environmental quality index. Meanwhile, in Riau and West Sulawesi, only the land cover quality index (X3) and the human
development index (X4) significantly influenced the environmental quality index. Therefore, it was shown that each province
had different characteristics according to the significant variables. Furthermore, the global R2 value for the GWPR model
(84.38%) is greater than that for the global FEM panel regression model (42.52%), indicating that GWPR was the best model for
modeling EQI in Indonesia.

This research applied the Geographically Weighted Panel Regression (GWPR) model to thoroughly investigate spatial and
temporal disparities in the Environmental Quality Index (EQI) across Indonesia’s 34 provinces during 2018-2022. The study
yielded several significant insights from both methodological and empirical standpoints. Methodologically, results from the
Chow and Hausman tests suggested that the Fixed Effect Model (FEM) was the most suitable specification for the panel data,
effectively accounting for unobserved provincial heterogeneity. Further diagnostic evaluations showed that the residuals were
normally distributed, and multicollinearity was not a major issue, as indicated by Variance Inflation Factor (VIF) values below
10 for all predictors. Nonetheless, the Breusch-Pagan test identified heteroscedasticity in the data, thereby justifying the use of a
model with spatially varying coefficients, such as GWPR.

The GWPR model, enhanced with adaptive Gaussian kernel weighting, provided substantial improvements in model fit.
The global R? value increased from 42.52% in the conventional FEM model to 84.38% in the GWPR model, suggesting that
incorporating spatial and temporal dimensions significantly enhanced the model’s explanatory power. This result reinforced the
need to account for spatial heterogeneity when analyzing environmental quality, which is inherently influenced by geographic,
social, and ecological factors.

At the substantive level, the study uncovered substantial variation in the factors influencing EQI across provinces. For
example, in South Sulawesi, four predictors were statistically significant: the air quality index (X1), land cover quality index
(X3), percentage of households with adequate sanitation (X5), and population density (X7). The positive coefficients for X1,
X3, and X5 highlighted the roles of clean air, sustainable land use, and access to sanitation in promoting environmental quality.
In contrast, the negative association with population density indicated potential environmental degradation in densely populated
regions. In contrast, provinces such as Riau and West Sulawesi showed significance only for land cover quality (X3) and the
human development index (X4), suggesting that improvements in vegetation coverage and socioeconomic well-being may be
more critical drivers of EQI in those regions. Meanwhile, Lampung province demonstrated the greatest influence, with six of
seven variables significantly associated with EQI, indicating the multifactorial nature of environmental quality in that region.
The findings of this study, which reveal province-specific variations in the determinants of environmental quality, aligned closely
with previous empirical research in Indonesia that also underscores the multifactorial and spatially heterogeneous nature of the
Environmental Quality Index (EQI). For instance, studies by Mannanal & Rajagopal (2023) and Kusumadewi & Kristanto (2025)
highlighted the significant roles of population density, sanitation access, and human development in shaping environmental
outcomes—factors that also emerged as key predictors in provinces such as Sulawesi Selatan, Riau, and Lampung in this research.
Moreover, the consistent identification of negative environmental impacts associated with high population density and positive
contributions from socioeconomic indicators reinforced the need for localized modeling approaches, such as GWPR, to capture
regional disparities and inform place-based environmental policies.

These findings underscore the context-dependent nature of environmental determinants, underscoring the need for localized
models to inform targeted policy interventions. The maps in Figures 3 to 9 visually depict the geographic variability in each
factor’s significance, offering valuable insights for region-specific policy planning.

Furthermore, the GWPR model’s localized coefficients showed that the same predictor may exert different magnitudes and
directions of influence across provinces. This spatial non-stationarity was a key strength of the GWPR framework, making it a
powerful tool for modeling complex environmental phenomena.

Overall, the analysis demonstrated that EQI was not only a function of environmental indicators (e.g., air, water, and land
cover) but also strongly intertwined with human development and socioeconomic factors. These insights are vital for national
and regional policymakers aiming to enhance environmental sustainability, particularly in provinces with declining EQI trends
or rapid urbanization pressures.

D. CONCLUSION AND SUGGESTION
Spatio-Temporal is an approach used to analyze data that has an effect at a location and time. One of the methods in spatio-
temporal is Geographically Weighted Panel Regression (GWPR). For the case study on the Environmental Quality Index (EQI) in
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Indonesia, the best model was GWPR with Fixed Effect Model, as the GWPR FEM model had a higher R2 value than the global
FEM model. GWPR FEM produced 34 different models in each province in Indonesia. Each province in Indonesia has different
characteristics, as shown in Table VII, which indicates that each province has different significant variables. For example, in Province
Sulawesi Selatan, the significant variables for EQI are the air quality index (X1), the land cover quality index (X3), the percentage
of households with adequate sanitation (X5), and the population density (X7). Meanwhile, in Province Riau and Province Sulawesi
Barat, only land cover quality index (X3) and human development index (X4) significantly influence EQI. These differences in
characteristics can serve as a reference for the government and society in overcoming environmental problems, based on the factors
identified in the research.

Future studies could further enhance the analysis of the Environmental Quality Index (EQI) by exploring several directions. First,
incorporating additional explanatory variables—such as climate indicators, industrial activity, or regional policy interventions—could
provide a more comprehensive understanding of the factors influencing EQI. Second, future research may apply advanced spatio-
temporal models that account for spatial spillover effects, such as Spatial Durbin Panel Models (SDPM) or dynamic panel frame-
works, to capture interactions between neighboring provinces over time. Moreover, since this study used provincial-level data, future
investigations may benefit from using more granular spatial units (e.g., districts or cities) to uncover localized patterns and hetero-
geneity in environmental quality. Lastly, integrating qualitative assessments, such as policy analysis or stakeholder interviews, can
complement the quantitative results and offer deeper insights into the socio-political dynamics that affect environmental outcomes
across regions.
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