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Abstract 
The Sustainable Development Goals (SDGs) vary widely across Asian countries, indicating that the factors 
driving SDGs achievement may vary by location. Global models may miss these local variations, so this 
study used Geographically Weighted Panel Regression (GWR Panel), a method that estimates separate 
regression coefficients for each geographical location. The GWR Panel in this study was used to capture 
spatially varying SDGs determinants across 46 Asian countries from 2015 to 2024. This study also 
compares four Adaptive Kernel functions (Gaussian, Exponential, Bisquare, Tricube) with Haversine 
distances, as kernel choice directly affects which neighboring countries influence each local coefficient 
estimate, where applying the incorrect kernel to spatially heterogeneous data can lead to biased local 
estimates. The best kernel was selected using Cross-Validation (CV). The Adaptive Exponential Kernel 
produced the lowest CV value (81.686), compared to Adaptive Gaussian (83.128), Bisquare (84.485), and 
Tricube (85.095), confirming it as the most accurate kernel for this data. The results identified 16 distinct 
country groups, demonstrating that SDGs determinants vary across Asia. Education, gender, economic 
growth, infrastructure, environment, institutions, and partnerships are universally important. Meanwhile, 
water, health, hunger, and climate show the greatest regional variation. SDGs policies should be adjusted 
to local contexts. 
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INTRODUCTION 
The Sustainable Development Goals (SDGs) are 17 global goals with 169 targets set by the United 
Nations to guide progress toward sustainable development by 2030 (United Nations 
Department of Economic and Social Affairs, 2024). SDGs achievement is important because a 
country's failure to meet its targets hinders human development, increases social and economic 
inequality, and worsens environmental conditions (Filho et al., 2020).  

The SDGs Index Report shows unequal performance across regions in achieving the SDGs. For 
example, developed countries that are members of the Organization for Economic Co-operation 
and Development (OECD) rank highest with an average score of 79.16, followed by Eastern 
Europe at 73.14 and Asia at 67.65. In contrast, North Africa scores 66.28, Oceania scores 63.25, 
and Sub-Saharan Africa ranks lowest at 55.46 (Sachs et al., 2025).  

This condition shows structural challenges, such as regional gaps, gaps in industrial 
development, and high environmental risk (Çelik et al., 2025). Previous research by Bhatia (2025) 
identified performance gaps across Asian subregions, where East Asia struggles with 
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environmental issues, South Asia faces slow progress in Zero Hunger, Central Asia lags in Gender 
Equality, and Southeast Asia and West Asia encounter challenges in Sustainable Cities and 
Communities, and in Peace, Justice, Strong Insitutions. In addition, prior research by Monica 
(2025) showed that score differences across regions reflect different levels of SDGs 
achievement, and it shows structural gaps in each Country's development model. Therefore, this 
condition shows the need for an analysis that considers local differences to better understand 
the key factors affecting SDGs achievement. 

Previous research on the determinants of SDGs achievement mainly uses global models. For 
example, Asadikia et al. (2022) applied the Gradient Boosting Machine and found that only some 
SDGs indicators significantly affect the overall score. Other research used factor analysis and 
multivariate regression on the SDGs Index 2023 and showed that the 17 indicators differ in their 
relevance. Although these studies identify differences in indicator importance, they still 
estimate a single average effect across all regions. This approach ignores spatial heterogeneity, 
in which the impact of an indicator varies across locations due to economic, social, cultural, and 
geographic differences. Ignoring spatial variation can violate the homoscedasticity assumption 
in classical regression and lead to biased estimates (Pratama et al., 2021; Wati & Utami, 2020). 
Thus, spatial analysis is needed to capture variations in effects at the local level. 

Geographically Weighted Regression (GWR) is a spatial regression method in which 
regression parameters are estimated locally at each observation point (Wati & Utami, 2020). 
Research by Faricha et al. (2025) concluded that GWR produced an R2 of 97.72%, which is higher 
than that of Ordinary Least Squares (92.32%). This result shows that considering regional 
differences can improve model accuracy. 

GWR Panel is another GWR development that combines GWR with panel data. It combines 
the advantages of panel data in controlling for individual and time differences with GWR's ability 
to capture spatial differences (Mudjiningsih et al., 2023). By controlling for individual fixed 
effects that capture local conditions, panel data increases degrees of freedom and reduces bias 
from omitted variables (Hussein & Tawfiq, 2021; Nabilla et al., 2023). 

GWR and GWR Panel implementation require specifying a weighting function and a distance 
metric, as spatial weights are used in the local regression model to give higher importance to 
observations closer to the target location (Fotheringham et al., 2002). Previous research by 
Martha et al. (2021) has applied three adaptive kernel weight functions (Gaussian, Exponential, 
and Bisquare) in the GWR Panel. Arum and Alfian (2022) compared the Fixed Gaussian Kernel 
with the Adaptive Gaussian Kernel by using Euclidean distance in the GWR Panel method. 
Results showed that the Adaptive Gaussian Kernel achieved the best performance, as indicated 
by the smallest Cross-Validation (CV) value. Another research by Nasri et al. (2023) used the 
Adaptive Tricube Kernel weight function. For most of these studies, the GWR Panel method used 
Euclidean distance. However, no research has compared the four Adaptive Kernel functions 
(Gaussian, Exponential, Bisquare, and Tricube) simultaneously. Additionally, previous research 
used Euclidean distance in the GWR Panel, which assumes that the Earth's surface is flat, whilst 
Miftahuddin et al. (2020) and Nabilla (2023) found that Haversine distances do provide slightly 
higher accuracy for geographic coordinates. 

Spatial analysis results may be affected by the difference between these two distance 
calculations. As the Euclidean distance is based on the Pythagorean theorem, it assumes a flat 
Earth and therefore ignores Earth's curvature. In contrast, the Haversine distance, which uses 
the Haversine formula, calculates the great-circle distance between two points on a sphere using 
latitude and longitude, making it more suitable for geographical data (Herwanto et al., 2024; 
Miftahuddin et al., 2020; Veness, 2011). This aligns with Nabila's (2023) research, which found 
that the Haversine distance is more accurate than the Euclidean distance for geographical 
coordinates. Moreover, Faricha et al. (2025) showed that GWR based on Haversine distance has 
a high determination coefficient, indicating the model performs very well. This means that 



BAMME  ■ 13 
 

 

Geographically weighted panel regression using Haversine distance 
Hala, M. H., Panigoro, H. S., & Adityaningrum, A. 

accounting for Earth's curvature in distance calculations may improve the reliability of spatial 
analysis results.  

Based on the explanation above, SDGs patterns within Asia vary across subregions due to its 
large geographical area. The Euclidean distance does not account for Earth's curvature at this 
scale, leading to inaccurate distance calculations. Additionally, kernel choice determines which 
neighboring countries are given more weight in each local estimation. An incorrect distance or 
kernel can result in biased local estimates of SDGs factors when used with data with uneven 
spatial patterns. Therefore, this study fills a gap by comparing four Adaptive Kernel functions 
with the Haversine distance in the GWR Panel for SDGs analysis in Asia, where both distance 
accuracy and kernel selection directly affect the reliability of local estimates. 

RESEARCH METHOD 

Data 
Data for this research were collected from the Sustainable Development Report (Sachs et al., 
2025), which covers 46 Asian countries from 2015 to 2024. Panel data were used in this research, 
resulting in 460 observations and a balanced panel, as all 46 countries have complete data across 
all 10 years. In the research, saturated sampling (total sampling) was used, so the number of 
samples equaled the number of populations (Syapitri et al., 2021).  

The dependent variable (Y) is the SDGs score, while the independent variables (X) consist of 
all SDGs indicators without variables of No Poverty, Reduced Inequalities, and Life Below Water. 
Poverty is excluded due to limited availability and inconsistent quality across countries and years 
(Yurevna, 2025). Meanwhile, for Reduced Inequalities, previous research by Silvia and Nastasi 
(2022) noted that data for the indicator are unavailable in several countries, primarily because 
inequality in Asia is largely internal, leading to incomplete national reporting across nations. 
Similarly, the Life Below Water indicator is excluded because some Asian countries lack marine 
territories or aquatic areas, making it difficult to consistently measure marine-related indicators 
across countries (Arora et al., 2023).  

Thus, the independent variables used included Zero Hunger (X1), Good Health and Well-being 
(X2), Quality Education (X3), Gender Equality (X4), Clean Water and Sanitation (X5), Affordable 
and Clean Energy (X6), Decent Work and Economic Growth (X7), Industry, Innovation and 
Infrastructure (X8), Sustainable Cities and Communities (X9), Responsible Consumption and 
Production (X10), Climate Action (X11), Life on Land (X12), Peace, Justice and Strong Institutions 
(X13), and Partnerships for the Goals (X14). 

The spatial distances were calculated using the coordinates of each Country's capital city. The 
map of Asia was taken from Natural Earth (2025). 

Geographically weighted panel regression (GWR Panel) 
The GWR Panel combines Fixed Effects Model (FEM) for panel data regression with 
Geographically Weighted Regression (GWR). This analysis considers both spatial and temporal 
factors and requires the addition of a weighting function for each research location (Mar’ah & 
Sifriyani, 2023; Sifriyani et al., 2024; Warsito et al., 2018). In FEM, each location i has an 
individual intercept 𝛽!"∗  that captures time-invariant unobserved characteristics, with the 
coefficient 𝛽$ assumed to be constant across all locations. FEM is written in Eq. (1) (Hsiao, 2014). 
 

𝑦"% = 𝛽!"∗ +%𝛽$𝑥$"% + 𝜀"%

&

$'(

 (1) 

 
GWR Panel extends the FEM in two ways (Warsito et al., 2018; Yu et al., 2021, Yu et al., 2023). 

First, the globally constant coefficient 𝛽$ is replaced by a spatially varying coefficient 𝛽$(𝑢" , 𝑣") 
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that varies across geographic locations. Second, the unit-specific intercept 𝛽!"∗  is replaced with 
a spatially varying intercept 𝛽!(𝑢" , 𝑣"). The intercept 𝛽!"∗  in the FEM has no spatial structure and 
only says that each unit has its own intercept. On the other hand, the intercept 𝛽!(𝑢" , 𝑣") in 
GWR Panel varies across geographic space based on distance weighting. The GWR Panel model 
is given in Eq. (2) (Warsito et al., 2018; Yu et al., 2021; Yu et al., 2023), 

 

𝑦"% = 𝛽!(𝑢" , 𝑣") +%𝛽$

&

$'(

(𝑢" , 𝑣")𝑥$"% + 𝜀"% (2) 

 
where 𝑦"% is the dependent variable at location i and time t; 𝑥$"% is the independent variable k 
at location i and time t; 𝛽!(𝑢" , 𝑣") is the intercept at location i; 𝛽$(𝑢" , 𝑣") is the regression 
coefficient for variable k at location i; (𝑢" , 𝑣") are the coordinates of geographic location i 
(latitude and longitude); 𝜀"%is the error term at location i and time t; and K is the total number 
of independent variables. The regression coefficient 𝛽!(𝑢" , 𝑣") and 𝛽$(𝑢" , 𝑣") vary across 
geographic locations but are constant over time (Warsito et al., 2018; Yu et al., 2021; Yu et al., 
2023). 

The parameters in Eq. (2) are estimated through a two-stage process (Caraka & Yasin, 2017; 
Hsiao, 2014; Warsito et al., 2018). The first stage is applying the within-transformation to 
eliminate 𝛽!"∗ from the model. This used three steps. First, modify the original Eq. (1) at each time 
point t, which is written in Eq. (3). 

 

𝑦"% = 𝛽!"∗ +%𝛽$

&

$'(

(𝑢" , 𝑣")𝑥$"% + 𝜀"% (3) 

 
Second, define the time-average of the dependent and independent variables for each 

location i across all T periods ( 𝑦̄" =
(
)
∑ 𝑦"%)
%'( and 𝑥̄" =

(
)
∑ 𝑥"%)
%'( ). Compute the time-average 

version of Eq. (1) by averaging across 𝑡 = 1,… , 𝑇, thus, it is written as in Eq. (4). 
 

𝑦" = 𝛽!"∗ +%𝛽$

&

$'(

(𝑢" , 𝑣")𝑥$" + 𝜀"  (4) 

 
Third, subtract Eq. (4) from the Eq. (3), so 𝛽!"∗  appears on both sides (𝛽!"∗ − 𝛽!"∗ ), resulting in 

the demeaned model (without 𝛽!"∗ , as it canceled) in Eq. (5) (Warsito et al., 2018; Yu et al., 2021, 
2023).  

 

(𝑦"% − 𝑦̄") = %𝛽$(𝑢" , 𝑣")(𝑥$"% − 𝑥̄$") + (𝜀"% − 𝜀")
&

$'(

 (5) 

 
The within-transformation removes all time-invariant individual fixed effects from the model 

(Hsiao, 2014). The second stage is to apply the Weighted Least Squares (WLS) estimator to the 
demeaned model in Eq.(5), where each location i is given spatially weighted observations based 
on its geographic location. The estimator is provided in Eq. (6) (Caraka & Yasin, 2017; Warsito et 
al., 2018; Yu et al., 2021; Yu et al., 2023) 

 
𝛽4(𝑢" , 𝑣") = (𝑋)𝑊(𝑢" , 𝑣")𝑋)*(𝑋)𝑊(𝑢" , 𝑣")𝑦 (6) 
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where 𝑊(𝑢" , 𝑣") is the diagonal weighting matrix for location (𝑢" , 𝑣"), and X and y represent the 
demeaned independent (𝑥$"% − 𝑥̄$") and dependent (𝑦"% − 𝑦") variables. The spatially varying 
intercept 𝛽!(𝑢" , 𝑣") is then calculated from the estimated slope coefficients, as shown in Eq. (7) 
(Hsiao, 2014; Warsito et al., 2018). 

𝛽4!(𝑢" , 𝑣") = 𝑦̄" −%𝛽4$(𝑢" , 𝑣")
&

$'(

𝑥$"  (7) 

Haversine distance 
The Haversine distance, which is the shortest distance between two points on a sphere, is 
calculated by using spherical trigonometry based on Earth's curvature (Herwanto et al., 2024). 
By using the latitude and longitude coordinates of the two points, the Haversine formula 
determines the shortest path along Earth's surface. The calculation is shown in Eq. (8) (Veness, 
2011). 

𝑑 = 82 × 𝑎𝑡𝑎𝑛2=√𝑎, √1 − 𝑎?@ × sin+ D
Δφ
2 G

+ cos(𝜑() × cos(𝜑+) × sin+(
Δ𝜆
2
) (8) 

 
where d is the distance between two points on the Earth's surface; R is Earth's radius (mean = 
6371 km); c is the central angle between two points calculated using the atan2 function; 𝜑 is the 
latitude coordinate; 𝜆is the longitude coordinate; also,𝛥𝜑 and 𝛥𝜆are the difference in latitude 
(lat2-lat1) and in longitude (lon2-lon1). 

Weighting function 
The weighting function is important in the GWR Panel model, where the diagonal weighting 
matrix elements 𝑊",are calculated from the Haversine distance (𝑑",) and the specified 
bandwidth (𝑏") (Nabilla et al., 2023). Bandwidth can be specified as a fixed distance (fixed 
bandwidth) or as a fixed number of nearest neighbors (adaptive bandwidth) (Fotheringham et 
al., 2002). An adaptive bandwidth kernel is one whose bandwidth is expressed as a function of 
the number of neighbors, thereby adjusting to the point density but not to the coefficient 
surface curve, which would be required to optimize coefficient surface estimation if an approach 
aimed to locally adapt the kernel (Geniaux, 2026). The optimal bandwidth is mostly determined 
using the Cross-Validation (CV) method, as shown in Eq. (9) (Fotheringham et al., 2002), 
 

𝐶𝑉 =%[𝑦" − 𝑦Q-"(𝑏)]+
.

"'(

 (9) 

 
The bandwidth that produces the smallest CV value is selected as the optimal bandwidth (Yu 

et al., 2021; Yu et al., 2023). The Adaptive Kernel weighting function adjusts based on the 
number of observation points in an area. In regions with many points, the bandwidth is reduced 
for better accuracy, while in regions with fewer points, the bandwidth is increased to match the 
sparser data. This approach ultimately leads to more reliable parameter estimates (Taek et al., 
2023). 

Commonly used Adaptive Kernel weighting functions include Gaussian, Exponential, 
Bisquare, and Tricube, represented by Eq. (10), Eq. (11), Eq. (12), and Eq. (13), respectively 
(Candra Dewi et al., 2025; Fotheringham et al., 2002; Leung et al., 2000; McMillen, 2001). 

Gaussian 

𝑤", = 𝑒𝑥𝑝 V−
1
2
W
𝑑",
𝑏"
X
+

Y (10) 
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Exponential 

𝑤", = 𝑒𝑥𝑝 W−
𝑑",
𝑏"
X (11) 

Bisquare 

𝑤", = ZV1 − W
𝑑",
𝑏"
X
+

Y
+

, if	𝑑", < 𝑏"

0, if	𝑑", ≥ 𝑏"

 (12) 

Tricube 

𝑤", = ZV1 − W
𝑑",
𝑏"
X
/

Y
/

, if	𝑑", < 𝑏"

0, if	𝑑", ≥ 𝑏"

 (13) 

Step analysis 
This research consisted of the following steps for analysis: (1) Conduct descriptive analysis; (2) 
Perform multicollinearity test among the independent variables; (3) Estimate panel data 
regression models: CEM (Common Effect Model), FEM (Fixed Effect Model), and REM (Random 
Effect Model); (4) Perform Chow test and Hausman test to select the best panel data model; (5) 
Check residual assumption (normality, spatial heterogeneity and autocorrelation) for the 
selected model; (6) Estimate the GWR Panel model using four Adaptive kernel functions with 
Haversine distance; (7) Conduct goodness-of-fit test and significance test for the GWR Panel 
model; (7) Compare the performance between the global panel model and the GWR Panel 
model; and (8) Draw conclusion based on the analysis results. Analyses were performed in R 
Studio, and maps for visualization were created in QGIS. 

RESULTS AND DISCUSSION 

Descriptive statistics 
Table 1 presents descriptive statistics on SDG scores for 46 Asian countries from 2015 to 2024. 
Overall, sustainable development has improved across the Asian region over the past decade. 
During the observation period, the average SDG score increased from 64.7 in 2015 to 68.0 in 
2024. Between 2015 and 2024, the minimum score ranged from 42.8 to 47.7, while the 
maximum score increased from 79.3 to 80.7. 
 

Table 1. Descriptive analysis 
Year N Mean Minimum Maximum 
2015 46 64.7 42.8 79.3 
2016 46 65.1 44.3 79.3 
⋮ ⋮ ⋮ ⋮ ⋮ 

2023 46 67.5 46.2 80.2 
2024 46 68.0 47.7 80.7 

 
Figure 1 illustrates the spatial distribution of SDG scores in Asia for 2015 and 2024. The 

classification uses five categories: very low (<50), low (50–59.9), medium (60–69.9), high (70–
79.9), and very high (≥80). 

SDG achievement across Asia has shown a positive trend, although significant disparities 
remain, particularly in conflict-affected regions. It is therefore justified to apply GWR 
approaches to understand the local determinants of SDG performance because of this observed 
spatial heterogeneity. 
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(a) (b) 

Figure 1. Visualization of SDG Score in Asia: (a) 2015, and (b) 2024. 
 

Multicollinearity test 
All independent variables were tested for multicollinearity using the Variance Inflation Factor 
(VIF) test statistic (Gujarati, 2022). The results are presented in Table 2. 
 

Table 2. Multicollinearity Test 
Variables 𝑉𝐼𝐹 
X1 and X2 1.607 
X1 and X3 1.891 
X1 and X4 1.579 
X1 and X5 1.361 

⋮ ⋮ 
X14 and X10 1.001 
X14 and X11 1.002 
X14 and X12 1.069 
X14 and X13 1.122 

 
Table 2 shows that all VIF values are below 10. When the VIF is below 10, all the independent 

variables are not highly collinear (Kusumawardani et al., 2021). As a result, the analysis indicates 
that multicollinearity is absent among the independent variables for the 46 Asian countries from 
2015 to 2024. 

Estimate of panel data regression 
There are three main approaches to estimating panel data models: CEM, FEM, and REM. The 
Chow and Hausman tests were conducted to determine which of these three approaches was 
most suitable (Gujarati, 2022). In the Chow test, CEM and FEM are compared, while in the 
Hausman test, FEM and REM are compared (Puspitaningtyas, 2025).  

Based on the Chow test, FEM was found to be more appropriate than CEM, with an F-statistic 
of 89.819 and a p-value of 0.001 (p-value < α = 0.05). Additionally, the Hausman test resulted in 
a coefficient of 27.678 (p = 0.015 < α = 0.05), indicating that FEM is more consistent than REM. 
Consequently, a FEM was chosen for this research. 

Residual assumption 
Following the selection of FEM as the appropriate model, residual assumption tests were 
conducted. According to the Kolmogorov-Smirnov normality test, the D-statistic was 0.043, and 
the p-value was 0.348. This indicates that the residuals are normally distributed (p-value > α = 
0.05) (Gujarati, 2022). 
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However, the Breusch-Pagan test detected heteroscedasticity (BP = 179.84, p < 0.001). 
Heteroscedasticity (p-value < α = 0.05) indicates that the model does not meet the classical 
assumption (Arum & Alfian, 2022; Puspitaningtyas, 2025).  

Additionally, based on Moran's I test, the residual does not exhibit spatial dependence with 
a p-value greater than α = 0.05 (p-value = 0.952, Moran's I = -0.048). According to Moran's I 
statistic, spatial autocorrelation is measured by values ranging from -1 to 1, where z-scores and 
p-values indicate statistical significance. When the p-value is greater than α, this indicates that 
the spatial dependence is not present in the residual (Comber et al., 2023; He et al., 2020). 
Following Geniaux & Martinetti (2018), spatial heterogeneity alone shows sufficient justification 
for the GWR Panel application when spatial dependence is not significant. Cai et al. (2014) also 
reported Moran's I as descriptive rather than as a gatekeeping test for GWR specification, 
consistent with the model selection framework described. Consequently, it appears that a 
spatial approach, such as GWR Panel, is required to accommodate regional variances. 

Estimate of GWR panel 
Based on the Hausman test, the within-transformation was then applied to each variable. Table 
3 displays the demeaned values for Afghanistan as an example. The values of (𝑦"% − 𝑦̄") and 
(𝑥$"% − 𝑥̄$") in Eq. (5) referring to each observation are expressed as a deviation from its 
country-specific time-average, eliminating the time-invariant individual fixed effect 𝛽!"∗  prior to 
WLS estimation in Eq. (6). 

The GWR panel estimation used a weight function based on the Haversine distance as stated 
in Eq. (8), along with four Adaptive Kernel functions in Eq. (10), Eq. (11), Eq. (12), and Eq. (13). 
Table 4 compares the CV values of these kernels. 

 
Table 3. Within-Transformation for Afghanistan 

Year Y X1 X2 X3 ⋯ X12 X13 X14 
2015 -3.177 0.983 -2.655 -8.788 ⋯ -16.118 2.003 -5.255 
2016 -1.721 -0.439 -1.222 -8.788 ⋯ -11.742 2.974 -2.320 
2017 -0.918 -1.731 0.102 -7.463 ⋯ -6.120 2.833 -1.108 
⋮ ⋮ ⋮ ⋮ ⋮ ⋱ ⋮ ⋮ ⋮ 

2022 0.477 -0.312 0.626 11.533 ⋯ 9.280 -2.934 1.620 
2023 0.200 -0.312 1.722 11.533 ⋯ 9.280 -3.745 1.123 
2024 3.102 -0.312 1.722 11.533 ⋯ 9.280 -4.106 1.123 
 
Based on Table 4, the adaptive exponential kernel has the lowest CV value, making it the 

optimal choice for GWR Panel modeling of SDG data in Asia. This kernel was then used in the 
next estimation step.  

 
Table 4. Comparison of CV Values of Adaptive Kernel 

Adaptive Kernel CV 
Gaussian 83.128 
Exponential 81.686 
Bisquare 84.485 
Tricube 85.095 

 
Next, parameter estimation in the GWR Panel model was conducted using WLS estimation in 

Eq. (6), with adaptive exponential kernel in Eq. (11) as the weighting function. This results in 
local parameters that differ by location. Due to these differences, each Country has a different 
regression coefficient value. Table 5 presents the example of estimation results for two 
countries, Afghanistan and Yemen. 
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As shown in Table 5, the intercept values approach zero (−4.54 × 10⁻¹⁶ for Afghanistan and 
6.99 × 10⁻¹⁶ for Yemen), consistent with the two-stage estimation described in Eq. (3), Eq. (4), 
and Eq. (5). 

Table 5. GWR panel coefficients for Afghanistan and Yemen 
Afghanistan Yemen 

Intercept -4.54 × 10-16 Intercept 6.99 × 10-16 
𝛽! 0.066 𝛽" 0.096 𝛽! 0.048 𝛽" 0.118 
𝛽# 0.100 𝛽$ 0.061 𝛽# 0.034 𝛽$ 0.064 
𝛽% 0.056 𝛽!& 0.088 𝛽% 0.069 𝛽!& 0.122 
𝛽' 0.081 𝛽!! 0.052 𝛽' 0.043 𝛽!! 0.022 
𝛽( 0.042 𝛽!# 0.043 𝛽( 0.004 𝛽!# 0.088 
𝛽) 0.073 𝛽!% 0.063 𝛽) 0.093 𝛽!% 0.092 
𝛽* 0.095 𝛽!' 0.066 𝛽* 0.071 𝛽!' 0.075 

Furthermore, all regression coefficients for the independent variables are positive in both 
countries, suggesting that increases in SDG indicators are generally associated with higher SDG 
scores, though the effect's significance varies across countries. These findings align with 
previous research about a multi-country study by Dvulit et al. (2024), which found strong but 
variable links between social, ecological, and economic factors and SDG progress. Similarly, Del-
Aguila-Arcentales et al. (2023) demonstrated that innovation positively influences SDG 
achievement, with effects differing across national contexts. 

Model suitability test 
Next, a model suitability (goodness-of-fit) test was conducted to determine whether the GWR 
Panel model differs significantly from the FEM model (Maharadja et al., 2021). The test is 
conducted using F statistics, as outlined in Eq. (14) (Caraka & Yasin, 2017), 
 

𝐹 =
𝐽𝐾𝐺(1!)/𝑑𝑘(
𝐽𝐾𝐺(1")/𝑑𝑘+

 (14) 

where 𝐽𝐾𝐺(1!) is the sum of squared errors from the GWR Panel model; 𝐽𝐾𝐺(1")is the sum of 
squared errors from the FEM model; and 𝑑𝑘( and 𝑑𝑘+ are the degrees of freedom for the GWR 
Panel and FEM models, respectively. The null hypothesis (that the GWR Panel model is not 
significantly different from the FEM model) is rejected if the calculated F-statistic exceeds the 
critical F-value or if the p-value is less than the significance level α (Marsono, 2025). Table 6 
presents the results of the model suitability test. 

 
Table 6. Model suitability test result 

F-test P-value 
0.791 0.000 

 
As presented in Table 6, the p-value is 0.000, which is less than the significance level α (0.05). 

Consequently, the 𝐻!is rejected. This indicates a significant difference between the GWR Panel 
and the FEM models. Thus, it is evident that the GWR Panel model provides a superior fit for the 
SDGs data in Asia. 

Parameter significance test 
The next step is to test its parameters to determine which variables exhibit significant effects at 
each location (Sartika, 2021; Wati et al., 2023). In the GWR Panel model, parameter significance 
testing is performed partially for each geographic unit in order to identify which independent 
variables have a significant local effect on the dependent variable. This test is conducted using 
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t-statistics, where for each location i, the local t-statistic for parameter 𝛽$(𝑢" , 𝑣") is outlined in 
Eq. (15) (Mentari et al., 2026; Sifriyani et al., 2024; Yu, 2010). 
 

𝑡 =
𝛽4$(𝑢" , 𝑣")

𝑆𝐸=𝛽4$(𝑢" , 𝑣")?
 (15) 

 
The null hypothesis (which states that 𝛽$(𝑢" , 𝑣") = 0) is rejected if |𝑡| > 𝑡%3456or 𝑝 −

𝑣𝑎𝑙𝑢𝑒 < 𝛼 (Sifriyani et al., 2024). As part of GWR-based estimation, this partial testing 
procedure is a standard component, consistent with the exploratory objective of the GWR Panel, 
which aims to map the variation in relationships between independent and dependent variables 
across geographical space (Brunsdon et al., 1999; Caraka, 2017; Yu, 2010). Table 7 presents the 
results of the parameter significance test for two countries, Afghanistan and Yemen, as 
examples. 

Table 7. Parameter significance test for Afghanistan and Yemen 
Afghanistan Yemen 

Variable p-value Variable p-value Variable p-value Variable p-value 
X1 0.002 X8 0.000 X1 0.032 X8 0.000 
X2 0.000 X9 0.002 X2 0.202 X9 0.005 
X3 0.000 X10 0.000 X3 0.000 X10 0.000 
X4 0.000 X11 0.011 X4 0.001 X11 0.407 
X5 0.012 X12 0.001 X5 0.818 X12 0.000 
X6 0.000 X13 0.000 X6 0.000 X13 0.000 
X7 0.000 X14 0.000 X7 0.010 X14 0.000 

 
Based on Table 7, all independent variables in Afghanistan have p-values less than 0.05. This 

means that all SDG indicators have a significant impact on the Country's SDG score. In Yemen, 
variables included Good Health and Well-being, Clean Water and Sanitation, and Climate Action 
have p-values larger than 0.05. Therefore, these three variables do not have a significant effect 
on the SDG score in Yemen.  

 

 
Figure 2. Map of 16 groups of Asian countries based on significant SDG 
indicator patterns. 
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The parameter significance test was conducted across 46 Asian countries, identifying 
different groups of countries with different combinations of significant variables (based on their 
p-values, as shown in Table 7 for two countries as examples). The complete grouping results are 
presented in Table 8. 

As shown in Table 7, the 16 groups identified in the analysis show that countries depend on 
different combinations of SDG indicators. This finding supports the idea that sustainable 
development pathways differ across the region. 

As presented in Table 7, in most countries, several variables are statistically significant. In 
each group, Quality Education (X3), Gender Equality (X4), Decent Work and Economic Growth 
(X7), Industry Innovation and Infrastructure (X8), Life on Land (X12), Peace, Justice, and Strong 
Institutions (X13), and Partnerships for the Goals (X14) are significantly important. These aspects 
of the SDGs are universally important across Asia, regardless of income level or geographic 
location, and should remain a priority for policymakers. 

The map of 16 groups based on significant patterns in SDG indicators (see Table 7) is shown 
in Figure 2. As illustrated in Figure 2, Group 1 is the largest, with 22 countries, and all 14 variables 
are significant when tested individually (significance parameter test). The group includes all 
countries in South Asia (Afghanistan, Bangladesh, Bhutan, India, Maldives, Nepal, Pakistan, Sri 
Lanka), all countries in East Asia (China, Japan, North Korea, South Korea, Mongolia), as well as 
most countries in Southeast Asia (Brunei, Indonesia, Laos, Malaysia, Philippines, Singapore, 
Thailand, Timor-Leste).  

 
Table 8. Group country based on significant SDG variables 

No Significant Variables Countries 

1. All independent variables 

Afghanistan, Bangladesh, Bhutan,  
Brunei Darussalam, China, India, 
Indonesia, Japan, North Korea,  
South Korea, Kyrgyzstan, Laos,  
Malaysia, Maldives, Mongolia,  
Nepal, Pakistan, Philippines,  
Singapore, Sri Lanka, Thailand, 
Timor-Leste 

2. X₁, X₂, X₃, X₄, X₆, X₇, X₈, X₉, X₁₀, X₁₁, X₁₂, X₁₃, X₁₄ Iran 
3. X₁, X₂, X₃, X₄, X₅, X₆, X₇, X₈, X₉, X₁₀, X₁₂, X₁₃, X₁₄ Kazakhstan, Tajikistan 
4. X₁, X₂, X₃, X₄, X₅, X₆, X₇, X₈, X₉, X₁₀, X₁₁, X₁₂, X₁₄ Cambodia, Vietnam 
5. X₂, X₃, X₄, X₅, X₆, X₇, X₈, X₉, X₁₀, X₁₁, X₁₂, X₁₃, X₁₄ Myanmar 
6. X₁, X₂, X₃, X₄, X₆, X₇, X₈, X₁₀, X₁₁, X₁₂, X₁₃, X₁₄ Turkmenistan 
7. X₁, X₃, X₄, X₆, X₇, X₈, X₉, X₁₀, X₁₁, X₁₂, X₁₃, X₁₄ Georgia 
8. X₁, X₃, X₄, X₇, X₈, X₉, X₁₀, X₁₁, X₁₂, X₁₃, X₁₄ Armenia 
9. X₃, X₄, X₆, X₇, X₈, X₉, X₁₀, X₁₁, X₁₂, X₁₃, X₁₄ Azerbaijan 

10. X₃, X₄, X₅, X₇, X₈, X₉, X₁₀, X₁₁, X₁₂, X₁₃, X₁₄ Iraq 
11. X₁, X₂, X₃, X₄, X₆, X₇, X₈, X₁₀, X₁₂, X₁₃, X₁₄ Uzbekistan 
12. X₁, X₃, X₄, X₆, X₇, X₈, X₉, X₁₀, X₁₂, X₁₃, X₁₄ Oman, Yemen 
13. X₃, X₄, X₆, X₇, X₈, X₉, X₁₀, X₁₂, X₁₃, X₁₄ Bahrain, Qatar, Saudi Arabia, UAE 
14. X₁, X₃, X₄, X₇, X₈, X₉, X₁₂, X₁₃, X₁₄ Cyprus, Jordan, Palestine 
15. X₁, X₃, X₄, X₇, X₈, X₁₁, X₁₂, X₁₃, X₁₄ Lebanon, Syria 
16. X₃, X₄, X₇, X₈, X₉, X₁₀, X₁₂, X₁₃, X₁₄ Kuwait 

 
Essentially, all variables contribute to explaining SDG achievements. So, policies in these 

countries may need to consider multiple areas of development rather than focusing primarily 
on one or two priorities. 
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In the remaining 15 groups, one or more variables are not significant. Information from these 
groups can be used to identify which areas of development may be less relevant or face barriers 
in particular countries. For example, the most frequently missing variable is Clean Water and 
Sanitation (X5), which is statistically insignificant in many West Asian and Central Asian countries. 

As well, the variables for Zero Hunger (X1) and Good Health and Well-being (X2) are often not 
significant, particularly in West and Central Asia. Further, several countries in these areas (West 
and Central Asia) also show insignificant results in Climate Action (X11). This pattern indicates the 
need to address these crucial issues to develop more effective strategies. 

Model performance comparison 
The Akaike Information Criterion (AICc) was used to compare the model performance. The 
lowest AICc value was considered the most suitable for the available data, which indicates that 
the model achieves a better balance between model fit and complexity (Afifah et al., 2025; 
Lutfiani et al., 2019).  

The analysis found that the AICc value for panel data regression using FEM is 558.300, 
whereas the GWR Panel produces a value of 487.912. The GWR Panel model is therefore the 
most appropriate choice for this analysis as it balances good fit with a reasonable level of 
complexity. 

CONCLUSION 
This study applied the GWR Panel to examine the determinants of SDG achievement across 46 
Asian countries from 2015 to 2024. The analysis compared four Adaptive Kernel functions using 
the Haversine distance and identified the Adaptive Exponential Kernel as the best-performing 
kernel, with a CV score of 81.686, compared to Adaptive Gaussian (83.128), Bisquare (84.485), 
and Tricube (85.095). This kernel selection results in geographically appropriate neighbor 
weighting for each country, reducing the risk of biased estimates in spatially heterogeneous 
SDGs data. 

The results confirm significant spatial heterogeneity in how SDG indicators affect aggregate 
scores across Asia. Based on statistically significant patterns in the variables, 16 distinct country 
groups were identified.  

Several key findings emerge from this analysis. First, a large group of 22 countries across 
South Asia, East Asia, and most of Southeast Asia shows that all 14 SDG indicators are statistically 
significant. In these countries, every indicator contributes to explaining SDG achievement. 
Second, Quality Education (X3), Gender Equality (X4), Decent Work and Economic Growth (X7), 
Industry Innovation and Infrastructure (X8), Life on Land (X12), Peace, Justice, and Strong 
Institutions (X13), and Partnerships for the Goals (X14) are significant in almost all countries. Third, 
Clean Water and Sanitation (X5) is the most frequently missing variable, particularly across West 
Asia and Central Asia. Good Health and Well-being (X2) and Zero Hunger (X1) are also commonly 
not significant in West Asia and parts of Central Asia. Climate Action (X11) shows no significant 
effect in several Central Asian and West Asian countries, suggesting that climate policies may 
not yet be effectively integrated into national development strategies in these regions. 

Considering spatial heterogeneity, GWR Panel analysis offers a more detailed explanation of 
sustainable development drivers than global models (FEM) can provide. For example, FEM 
would estimate one coefficient for Clean Water and Sanitation (X5) across all 46 countries, 
masking its non-significance in West and Central Asia. Given the diversity of patterns identified 
using the GWR panel, one-size-fits-all approaches are not appropriate. Designing development 
strategies should consider which SDG indicators are likely to have the greatest impact on their 
specific national contexts. Based on these findings, local conditions must be considered when 
implementing SDGs to be effective. Future research could apply GWR Panel methods to sub-
national data for more detailed analysis and examine longer time periods.  



BAMME  ■ 23 
 

 

Geographically weighted panel regression using Haversine distance 
Hala, M. H., Panigoro, H. S., & Adityaningrum, A. 

Future research may also include indicators such as No Poverty, Reduced Inequalities, and 
Life Below Water as data availability improves, since excluding variables that could be spatially 
correlated with the included indicators may introduce omitted-variable bias in the estimation of 
local coefficients. 
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