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Abstract

Spatial disparities in human development suggest that aggregate progress may mask im-
portant regional differences in how education, health, and economic conditions influence
outcomes. This study analyzes spatial variation in the contributions of education, health,
and expenditure to the Human Development Index (HDI) across districts and cities in
Gorontalo Province, Indonesia, during 2016–2025. Balanced panel data are examined using
a fixed-effects (FE) model as a global benchmark and a Geographically Weighted Panel
Regression (GWPR) framework to capture spatial heterogeneity. This research constitutes an
empirical application of GWPR, integrating a fixed-effects panel structure with geographically
weighted estimation. Local coefficients are obtained by applying spatially weighted least
squares to within-transformed panel data, allowing parameters to vary across locations while
remaining constant over time. A great-circle (Haversine) distance metric and an adaptive
bisquare kernel are employed to construct spatial weights, with bandwidth selected through
cross-validation (35 nearest neighbours). Compared with the global FE model, GWPR
demonstrates improved explanatory performance and reveals substantial spatial variation.
Education exhibits the strongest positive local effect, followed by health, while expenditure
shows weaker and spatially varying influence. These findings support spatially sensitive,
place-based development policies.
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1. Introduction
The Human Development Index (HDI) is widely used as a composite indicator of human well-
being, summarizing achievements in education, health, and standard of living [1]. While HDI
provides an overall measure of development performance, its aggregate structure may conceal
important regional differences in how each component contributes to overall human development.
In Indonesia, substantial disparities in HDI persist across districts and cities, even within the same
province, reflecting uneven educational attainment, health outcomes, and economic conditions
[2].

Recent developments in spatial econometrics emphasize that development processes are
inherently spatial and heterogeneous. Spatial heterogeneity implies that relationships among
development dimensions may vary across locations rather than remain constant. As argued
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by [3], imposing homogeneous parameters across regions can obscure locally specific dynamics
and potentially misinform policy design. This concern is particularly relevant in geographically
diverse provinces, where demographic, economic, and institutional characteristics differ markedly
across districts and cities.

Panel data models are frequently employed in regional development studies because they
allow researchers to control for unobserved time-invariant characteristics while exploiting tem-
poral variation. However, conventional panel regression frameworks typically assume spatial
homogeneity in regression coefficients. Such an assumption may be restrictive when the relative
contribution of education, health, and expenditure components to HDI differs across space.

To capture both temporal dynamics and unobserved regional characteristics, panel data
modelsare widely applied in studies of human development. Panel frameworks allow researchers
to control for unobserved heterogeneity while exploiting time variation in the data. However,
conventional panel regression models typically assume spatial homogeneity of regression coeffi-
cients, which may be overly restrictive in the presence of strong regional heterogeneity. Recent
developments in spatial panel econometrics relax this assumption by allowing spatial variation
in relationships among variables, thereby providing a more realistic representation of regional
development processes [4].

Because HDI is constructed from these three dimensions, this study does not interpret
education, health, and expenditure as external causal determinants. Instead, the analysis is
framed as an assessment of spatially varying contributions of local components within the HDI
structure. The objective is to examine how the relative strength of each dimension differs across
districts and cities, thereby revealing local development profiles that global-average specifications
may mask.

To accommodate both spatial heterogeneity and temporal structure, this study employs Geo-
graphically Weighted Panel Regression (GWPR). This method extends geographically weighted
regression into a panel framework, allowing regression coefficients to vary spatially while account-
ing for time effects [5]. Spatial relationships are defined using the Haversine distance, which
accounts for Earth’s curvature and provides more accurate interregional distance measurement
than planar approximations. By explicitly specifying a distance-based weighting scheme with an
adaptive kernel, the model captures realistic geographic proximity among districts and cities.

Although spatial panel approaches have been applied in human development research [6,
7], clear empirical evaluation of spatial heterogeneity and model adequacy remains essential.
In this study, spatial heterogeneity is assessed by examining the variability of local coefficient
estimates across districts and cities and by testing the statistical significance of local parameters
using location-specific t-statistics. Model selection within the panel framework is conducted
using the Chow and Hausman tests to determine the appropriate global benchmark specification.
Furthermore, model fit and bandwidth selection in the Geographically Weighted Panel Regression
framework are evaluated using a cross-validation criterion, with the optimal adaptive bandwidth
chosen as the one that minimizes the cross-validation score. By combining specification testing,
local parameter inference, and cross-validation-based model comparison, this study provides a
systematic assessment of spatial heterogeneity and model performance.

Motivated by these considerations, this study analyzes spatial variation in the local contri-
butions of education, health, and expenditure components to HDI across districts and cities in
Gorontalo Province during 2016–2025 using a Haversine-distance-based GWPR approach. By
integrating panel structure, spatial heterogeneity, and an explicit distance specification, this
research provides empirical evidence to support region-sensitive, place-based human development
policy formulation.

2. Methods
This study employs secondary data from Statistics Indonesia (Badan Pusat Statistik, BPS)
for Gorontalo Province, comprising balanced panel data at the district and city levels for the

Debora Dwi Kurniawati 871



Haversine-Based GWPR

period 2016–2025. All regencies and municipalities in Gorontalo Province are included to ensure
comprehensive spatial coverage. The dependent variable (Y ) is the Human Development Index
(HDI), which reflects achievements in education, health, and living standards. In contrast, the
explanatory variables represent key socioeconomic factors associated with human development,
including mean years of schooling (X1), life expectancy at birth (X2), and real per capita
expenditure (X3). These variables capture human capital accumulation, health conditions, and
economic capacity, which are commonly linked to variations in human development across regions.
All variables are sourced from official BPS publications to ensure data reliability, consistency
across regions, and comparability over time.

Table 1: Research Variables
Variable Symbol Unit Source (Year)
Human Development Index (HDI) Y Index (0–100) BPS (2016–2025)
Mean Years of Schooling X1 Years BPS (2016–2025)
Life Expectancy at Birth X2 Years BPS (2016–2025)
Real Per Capita Expenditure X3 Rupiah BPS (2016–2025)

The analytical procedure using the Haversine distance-driven Geographically Weighted Panel
Regression (GWPR) in this study is carried out through the following steps:

1. Global panel model estimation: A global fixed-effects panel regression model is first
estimated as specified in Eq. (6) to examine the overall relationship between the Human
Development Index (HDI) and the explanatory variables across all districts and time
periods. This model serves as a benchmark for evaluating the spatially varying specification
defined in Eq. (9).

2. Spatial data preparation: Geographic coordinates for each district and city in Gorontalo
Province are obtained from the centroids of their administrative boundaries. These
coordinates correspond to (ui, vi) in Eq. (9) and serve as spatial references for modeling
location-specific relationships.

3. Spatial distance computation: Pairwise spatial distances dij between districts and
cities are computed using the Haversine distance defined in Eq. (10). The resulting distance
matrix provides the basis for constructing spatial weights in the GWPR framework.

4. Construction of spatial weighting matrix: An adaptive kernel function is applied to
the Haversine distance matrix to construct the diagonal spatial weighting matrix W(ui, vi)
used in the local weighted least squares estimator defined in Eq. (11). This procedure
assigns larger weights to geographically closer observations while allowing the effective
number of neighbors to vary across locations.

5. Bandwidth selection: The optimal bandwidth is selected using a cross-validation (CV)
criterion defined as

b∗ = arg min
b

CV(b),

where the chosen bandwidth minimizes the CV score and determines the spatial weighting
structure in Eq. (11).

6. Local GWPR estimation: The GWPR model specified in Eq. (9) is estimated using the
weighted least squares estimator given in Eq. (11) to obtain location-specific regression
coefficients for each district and city.

7. Model evaluation and interpretation: Model performance is evaluated by comparing
the GWPR results in Eq. (9) with the global fixed-effects panel model in Eq. (6) using
AICc and goodness-of-fit measures. The spatial distribution of local parameter estimates is
subsequently analyzed to identify regional variations in the determinants of HDI.
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2.1. Spatial Test
2.1.1. Multicollinearity Diagnostic
To evaluate multicollinearity among the explanatory variables, this study employs the Variance
Inflation Factor (VIF), a widely used diagnostic for detecting collinearity in multiple regression
models [8]. The VIF measures the extent to which the variance of an estimated regression
coefficient is inflated due to linear dependence among the explanatory variables. For a given
predictor Xk, The VIF is computed according to Eq. (1).:

VIF(Xk) = 1
1 − R2

k

, (1)

where R2
k denotes the coefficient of determination from the regression of Xk on the remaining

explanatory variables. A VIF value exceeding 10 signals the presence of serious multicollinearity,
whereas values below this cutoff indicate that multicollinearity is not problematic. This diagnostic
confirms that the predictors incorporated in the model are not highly correlated with one another.

2.1.2. Spatial Autocorrelation Test Using Moran’s I
Spatial dependence can be evaluated using Moran’s I, a widely applied global spatial statistic
designed to detect spatial clustering, dispersion, or random patterns among observations [9]. In
regression analysis, Moran’s I is commonly applied to model residuals to assess whether the
assumption of independence is violated due to spatial autocorrelation.

In global panel regression frameworks, Moran’s I is typically used to examine potential
violations of cross-sectional independence arising from spatial interactions among regions. In
geographically weighted models, including Geographically Weighted Panel Regression (GWPR)
and Moran’s I may likewise be applied to locally estimated residuals to evaluate whether the
spatial weighting structure adequately captures spatial heterogeneity and mitigates residual
spatial dependence.

Moran’s I is defined as:

I = n

W ·
∑

i

∑
j wij(ei − ē)(ej − ē)∑

i(ei − ē)2 , (2)

where n denotes the number of spatial units, wij represents the spatial weight between locations
i and j, ei is the residual at location i, ē is the mean residual, and W =

∑
i

∑
j wij denotes the

sum of all spatial weights.
Statistical inference is conducted using the standardized test statistic:

ZI = I − E[I]√
Var(I)

, (3)

where E[I] and Var(I) denote the expected value and variance of Moran’s I under the null
hypothesis of spatial randomness. A statistically insignificant result indicates the absence of
residual spatial autocorrelation.

Within the locally weighted regression framework, spatial dependence is explicitly incorporated
through a kernel-based spatial weighting matrix that assigns greater influence to geographically
proximate observations. Consequently, insignificant residual spatial autocorrelation suggests that
the local estimation procedure has effectively accounted for spatial heterogeneity.

2.1.3. Breusch–Pagan Heteroscedasticity Test
To evaluate whether the variance of the residuals is constant, the The Breusch-Pagan (BP)
test was applied. This test detects heteroskedasticity by regressing the squared residuals on the
independent variables [10]. The BP statistic is defined as:

BP =
n∑

i=1
û2

i z⊤
i

(
Z⊤Z

)−1
zi. (4)
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where ûi denotes the residuals of the regression model and Z represents the matrix of independent
variables. Under the null hypothesis of homoskedasticity, the BP statistic follows a chi-square
distribution with degrees of freedom equal to the number of predictors. A p-value greater than
0.05 indicates acceptance of the null hypothesis and suggests that the model is not heteroskedastic.

2.2. Penel Regression
Panel regression is a modeling framework for analyzing observations collected across multiple
units and over time, allowing researchers to account for both cross-sectional heterogeneity and
temporal dynamics. Recent econometric literature highlights that panel data models offer greater
flexibility, mitigate multicollinearity, and improve the identification of causal effects by exploiting
information within and between units [11]. The general specification is as follows:

yit = β0 +
p∑

k=1
βkxkit + εit, (5)

where i = 1, . . . , N denotes cross-sectional units and t = 1, . . . , T denotes time periods. Panel
regression is appropriate when unobserved individual characteristics influence the dependent
variable, because fixed-effects estimation can absorb such unit-specific heterogeneity. Indeed, even
in recent spatial-dynamic and nonparametric panel models, fixed-effects specifications remain
widely employed to control for unobserved time-invariant (or slowly varying) factors across units
[12]. To address this issue, the Fixed-Effects Model (FEM) is widely used because it effectively
controls for unobserved time-invariant factors.

2.2.1. Fixed Effect Model (FEM)
Fixed Effects Model (FEM) allows each cross-sectional unit to have its own intercept αi, capturing
unobserved time-invariant characteristics that may correlate with the explanatory variables. The
FEM specification is:

yit = αi +
p∑

k=1
βkxkit + εit. (6)

Within (demeaning) transformation.
To eliminate αi, we apply the within transformation:

y∗
it = yit − ȳi, x∗

kit = xkit − x̄ki,

where

ȳi = 1
T

T∑
t=1

yit, x̄ki = 1
T

T∑
t=1

xkit.

The transformed model becomes:

y∗
it =

p∑
k=1

βkx∗
kit + ε∗

it.

Stacking the transformed observations over all units and time periods yields

y∗ = X∗β + ε∗.

The fixed-effects (within) estimator is given by

β̂FE = (X∗⊤X∗)−1X∗⊤y∗.

with X∗ ∈ RNT ×p and y∗ ∈ RNT ×1. and X∗ and Y ∗ denote the stacked within-transformed
regression and the dependent variable across all units. Fixed-Effects Model remains consistent
even when individual effects correlate with regressors, making it the preferred choice in empirical
applications with substantial heterogeneity between units [13].
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2.3. Geographically Weighted Regression (GWR)
Geographically Weighted Regression (GWR) is a local regression technique used to model spatially
varying relationships between a response variable and predictor variables [14]. Unlike global
linear regression, which assumes that model parameters are constant across all locations, GWR
allows regression coefficients to vary spatially, enabling the model to capture local heterogeneity
[15].

Let yi denote the response variable at location i, and let (ui, vi) represent the geographical
coordinates of that location. The GWR model is expressed as:

yi = β0(ui, vi) +
p∑

k=1
βk(ui, vi)xki + εi, (7)

where βk(ui, vi) are location-specific regression coefficients and εi is the random error term.

2.3.1. Parameter Estimation of GWR
Local parameter estimates are obtained using weighted least squares [16]. The estimator of the
local regression coefficients at location (ui, vi) is given by:

β̂(ui, vi) =
(
X⊤W(ui, vi)X

)−1
X⊤W(ui, vi)y. (8)

In this formulation,
X ∈ Rn×p

denotes the matrix of explanatory variables, where n represents the number of spatial observations
and p denotes the number of predictors. The response variable is represented by

y ∈ Rn×1,

while
W(ui, vi) ∈ Rn×n

is a diagonal spatial weighting matrix whose elements wij represent the spatial weights assigned
to observations based on their geographic distance from location (ui, vi). The spatial weighting
structure ensures that nearby observations exert greater influence on the estimation of the local
parameters than more distant observations.

2.3.2. Bandwidth Selection in GWR
The bandwidth parameter b determines the spatial extent over which observations influence
the estimation of local parameters in the GWR model. A small bandwidth produces highly
localized estimates but may lead to unstable coefficients due to limited information, whereas a
large bandwidth results in smoother estimates but may obscure local spatial variation.

To obtain reliable estimates, the bandwidth is typically selected using a data-driven optimiza-
tion criterion such as the Akaike Information Criterion corrected (AICc) or the Cross-Validation
(CV) score. The optimal bandwidth is defined as the value that minimizes the selected criterion:

b∗ = arg min
b

CV (b),

where CV (b) represents the cross-validation score evaluated at bandwidth b. This procedure
balances the trade-off between model bias and variance, ensuring that the spatial weighting
scheme appropriately captures local spatial relationships.
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2.4. Geographically Weighted Panel Regression (GWPR)
Geographically Weighted Panel Regression (GWPR) extends the classical Fixed Effects Model
(FEM) by allowing slope parameters to vary across geographic regions while controlling for
unobserved unit-specific and time-invariant heterogeneity. This integration of a panel-data
structure with geographically weighted estimation enables the capture of spatially heterogeneous
relationships that vary across time and location—an advantage over traditional global panel
models in empirical regional analyses [17]. For example, applications of GWPR in socioeconomic
contexts, such as poverty modeling and regional development, have demonstrated its ability to
reveal local variations in variable effects that global models cannot capture.

Formally, the GWPR model is specified as:

yit = αi +
p∑

k=1
βk(ui, vi) xkit + εit, (9)

where yit is the dependent variable for spatial unit i at time t, (ui, vi) denote the geographic
coordinates of unit i, αi captures the unit-specific fixed effect, βk(ui, vi) are spatially varying
slope coefficients for explanatory variables xkit, and εit is the idiosyncratic error term. In GWPR,
the fixed-effects transformation removes αi before local estimation, isolating spatial variation in
the slope coefficients without confounding by unobserved unit heterogeneity [18].

This formulation can be viewed as an extension of the classical Geographically Weighted
Regression (GWR), in which local parameters are estimated using spatially weighted least squares.
In the GWPR framework, the within transformation is first applied to remove the fixed effect,
after which spatial weighting is imposed on the transformed observations during local parameter
estimation. Consequently, the spatial weighting matrix operates on the within-transformed panel
data, linking the GWR estimator to the panel-data structure.

2.4.1. Haversine Distance for Distance-Based Spatial Weighting
In the GWPR framework, spatial heterogeneity is captured through a location-specific weighting
scheme, where geographically closer observations receive larger weights via a distance-decay
kernel. Recent spatial econometric work emphasizes that the specification of distance-based
weight matrices and their decay structure can materially affect inference and the interpretation
of spillover reach [19, 20].

To operationalize geographic proximity among districts and cities in Gorontalo Province, this
study computes inter-regional distances using the Haversine formula, which measures great-circle
distance on the Earth’s surface using latitude–longitude coordinates. The use of Haversine
distance as a geographically meaningful distance metric is common in applied spatial modeling
and optimization settings that require realistic inter-location distance measurement [21].

Compared with planar Euclidean distance, the Haversine metric accounts for the Earth’s
curvature and therefore provides a more accurate measure of inter-regional proximity when
geographic coordinates are expressed in latitude and longitude. This is particularly relevant
in regional studies covering dispersed administrative units, where projection-based distortions
may affect distance measurement. By providing consistent great-circle distances, the Haversine
specification contributes to greater stability in the construction of the spatial weighting matrix
and reduces the risk of biased parameter estimates arising from distance mismeasurement.

The Haversine distance between two regions i and j is defined as:

dij = 2R arcsin
(√

sin2
(

ϕi − ϕj

2

)
+ cos(ϕi) cos(ϕj) sin2

(
λi − λj

2

))
, (10)

where R denotes the Earth’s radius, ϕi and ϕj are the latitudes of regions i and j, and λi and
λj are their longitudes (in radians). The resulting Haversine distance matrix is then used to
construct the kernel-based spatial weighting matrix for GWPR estimation.
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2.4.2. Parameter Estimation of GWPR
Parameter estimation in GWPR is achieved using a locally weighted least squares (LWLS)
approach applied to the fixed-effects–transformed panel data. After the within transformation, a
spatial weighting matrix W(ui, vi) is constructed for each location i, where diagonal elements
reflect the geographic proximity between the focal area and other spatial units. The local
parameter estimator is obtained by minimizing the spatially weighted sum of squared residuals
at location (ui, vi), yielding the following weighted least squares solution:

β̂(ui, vi) =
(
X̃⊤W(ui, vi)X̃

)−1
X̃⊤W(ui, vi)ỹ, (11)

where ỹ and X̃ denote the dependent variable and regressor matrix after within transformation.
This estimator applies weighted least squares locally at each geographic location, consistent with
the approach used in recent GWPR applications where local coefficients are obtained through
spatial weights that decline with distance.

The spatial weights in GWPR are typically derived from kernel functions such as Gaussian
or bisquare kernels, with a bandwidth parameter controlling the degree of spatial smoothing.
Practical implementations commonly select the bandwidth using data-driven criteria, such as
cross-validation (CV), to balance estimation bias and variance. These weighted kernel functions
enable GWPR to adaptively emphasize nearby observations, thereby capturing local spatial
variation in relationships among observations.

By estimating location-specific coefficients as functions of spatial position, GWPR explicitly
models spatial heterogeneity in regression relationships while retaining the advantages of panel
data structures, enabling more nuanced inference for processes that vary both across space and
over time.

2.4.3. Bandwidth Selection in GWPR
In Geographically Weighted Panel Regression (GWPR), the bandwidth parameter controls the
spatial scale over which local parameter estimates are computed, and it plays a crucial role in
balancing bias and variance in the model. An inappropriate choice of bandwidth may lead to
over-smoothing, which masks local spatial variation, or to under-smoothing, which produces
unstable coefficients.

To select an appropriate bandwidth, this study adopts an information-theoretic approach
inspired by recent methodological developments in the GWR literature. Specifically, the optimal
bandwidth b∗ is defined as the value that minimizes an information complexity criterion, which
balances model fit with model complexity:

b∗ = arg min
b

IC(b). (12)

Here, IC(b) represents an information criterion evaluated at bandwidth b, such as the corrected
Akaike Information Criterion (AICc) or similar. This formulation aligns with the strategy
proposed in *Bandwidth Selection in Geographically Weighted Regression Models via Information
Complexity Criteria*, which uses an information complexity measure to identify a bandwidth
that yields superior model performance by accounting for both goodness-of-fit and complexity
simultaneously [22].

Once the optimal bandwidth is determined, it is incorporated into the spatial weighting
matrix used for local estimation of regression coefficients:

β̂(ui, vi) =
(
X⊤W(ui, vi; b) X

)−1
X⊤W(ui, vi; b) y, (13)

where W(ui, vi; b) is a diagonal matrix of spatial weights dependent on the distance between
observations and the selected bandwidth. By determining the bandwidth using an information
criterion, the model adaptively identifies the spatial scope that best captures local relationships
in the data, thereby enhancing the interpretability and robustness of local parameter estimates
[22].
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3. Results and Discussion
This section presents the empirical findings obtained from the analysis. The discussion begins
with exploratory data diagnostics to examine the distribution of the variables and detect potential
outliers. Subsequently, multicollinearity and panel model specification tests are conducted to
determine the appropriate global model. Finally, the Geographically Weighted Panel Regression
(GWPR) model is estimated to investigate spatial heterogeneity in the determinants of the
Human Development Index across districts and cities in Gorontalo Province.

3.1. Outlier
To examine potential extreme observations in the dataset, boxplots were constructed for all
variables included in the analysis. These plots provide a visual summary of the distribution and
allow identification of potential outliers before the regression analysis is conducted.

Fig. 1: Outlier

The boxplots of the four variables (Y , X1, X2, and X3) illustrate their distribution and
variability. Variable Y has a median around 67, X1 around 12.5–13, X2 around 68, and X3
near 10,000, with respective interquartile ranges reflecting their dispersion. All variables show
symmetric distributions with no significant outliers, indicating that the data are relatively
consistent and free from extreme values. These results provide a clear understanding of the data
distribution, serving as a basis for further statistical analysis.

3.2. Multicollinearity Test
Multicollinearity is assessed using the Variance Inflation Factor (VIF). A VIF value greater than
10 generally indicates severe multicollinearity, while values between 5 and 10 suggest moderate
multicollinearity.

Table 2: Variance Inflation Factor (VIF) Results
Variable VIF
X1 3.228326
X2 2.426777
X3 2.669934
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Interpretation. The Variance Inflation Factor (VIF) values for the independent variables X1,
X2, and X3 are 3.228, 2.427, and 2.670, respectively.Since all values are below the commonly
used threshold of 10, there is no indication of problematic multicollinearity in the global panel
model. This suggests that the independent variables are not strongly linearly correlated with
one another; therefore, the regression coefficients can be interpreted reliably without concern for
collinearity-induced distortion.

Multicollinearity diagnostics were evaluated for the global specification. Given that the same
set of explanatory variables is used in the GWPR estimation,the absence of severe multicollinearity
in the global model supports the stability of the local parameter estimates.

3.3. Panel Data Model Selection
To identify the most appropriate panel data specification, both the Chow test and the Hausman
test were applied. The Chow test is used to compare the Common Effects Model (CEM) and
the Fixed Effects Model (FEM), whereas the Hausman test is used to choose between the Fixed
Effects Model (FEM) and the Random Effects Model (REM).

Table 3: Results of Chow and Hausman Tests
Test Statistic Value p-value
Chow (CEM vs FEM) F 12.456 6.449 × 10−8

Hausman (FEM vs REM) χ2 39.77 1.192 × 10−8

As shown in Table 3, both tests strongly reject the null hypothesis at the 5% significance
level. The Chow test indicates the presence of significant individual effects, implying that the
pooled model is inappropriate and that a fixed-effects model should be used. Furthermore, the
Hausman test indicates that the Random Effects Model is inconsistent, confirming that the Fixed
Effects Model is the preferred specification.

Overall, these findings demonstrate that unobserved heterogeneity across cross-sectional
units plays a crucial role in explaining variations in the dependent variable. By controlling
for time-invariant individual characteristics, the Fixed Effect Model provides more reliable and
unbiased estimates of the effects of X1, X2, and X3 on Y . Therefore, all subsequent analyses
and discussions in this study are based on the Fixed Effect Model.

3.4. Residual Assumption Tests
After selecting the Fixed Effects Model (FEM) as the preferred panel-data specification, residual
diagnostic tests were conducted to assess the model’s adequacy. In the context of panel data
estimation, the consistency of the fixed-effects estimator does not require normality of the
residuals. However, diagnostic tests for normality, serial correlation, and heteroskedasticity are
performed to evaluate the validity of statistical inference and the reliability of hypothesis testing.

Table 4: Summary of Residual Diagnostic Tests
Test Statistic Value p-value
Shapiro–Wilk (Normality) W 0.98671 0.7586
Wooldridge (Serial Correlation) F 43.269 2.33 × 10−8

Breusch–Pagan (Heteroskedasticity) BP 23.608 3.016 × 10−5

3.4.1. Normality of Residuals
The normality of the residuals was examined using the Shapiro–Wilk test. As shown in Table 4,
the test yields a statistic of W = 0.98671 with a p-value of 0.7586. Since the p-value is greater
than the 5% significance level, the null hypothesis of normality cannot be rejected. This indicates
that the residuals from the Fixed-Effects Model are normally distributed.
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3.4.2. Serial Correlation
Serial correlation in the FEM residuals was tested using Wooldridge’s test for autocorrelation in
fixed-effects panel models. The result shows an F -statistic of 43.269 with a p-value of 2.33 × 10−8.
As the p-value is far below 0.05, the null hypothesis of no serial correlation is rejected. This
finding indicates that the residuals exhibit significant autocorrelation.

3.4.3. Heteroskedasticity
The presence of heteroskedasticity was examined using the Breusch–Pagan test. The test produces
a BP statistic of 23.608 with a p-value of 3.016 × 10−5. Since the p-value is smaller than the 5%
significance level, the null hypothesis of homoskedasticity is rejected. This result indicates that
the residual variance is not constant across observations, implying heteroskedasticity in the FEM.

Although serial correlation and heteroskedasticity were detected in the global FEM specifica-
tion, the subsequent analysis employs the GWPR framework, which allows for spatially varying
relationships and localized estimation. This approach reduces reliance on global homogeneity
assumptions and provides more flexible modeling of spatial variability.

3.5. Geographically Weighted Panel Regression (GWPR)
Prior to estimating the Geographically Weighted Panel Regression (GWPR) model, the data
are first transformed using the within estimator (demeaning) approach. This transformation is
achieved by subtracting each variable’s individual time-series mean to eliminate time-invariant
individual effects.

3.5.1. Haversine Distance Matrix
The Haversine distance is a metric for measuring the shortest distance between two points on
Earth’s surface, given their latitude and longitude, while accounting for Earth’s curvature. Unlike
the Euclidean distance, which assumes a flat surface, the Haversine distance is better suited for
spatial analysis across geographically distributed regions.

In the context of Geographically Weighted Panel Regression (GWPR), the Haversine distance
is employed to construct the spatial distance matrix among all observational units (districts/cities).
This matrix serves as the basis for defining spatial weights in the kernel function used to estimate
local regression parameters.

The Haversine distance matrix is computed using the longitude and latitude coordinates of
each region and implemented in the R software environment. The resulting distance matrix is
reported in Table 5, while the complete matrix is provided in Appendix Y.

Table 5: Haversine Distance Matrix Between Districts/Cities
1 2 3 4 5 6

1 0.00 103136.53 14967.27 16545.33 78509.72 85207.47
2 103136.53 0.00 116173.42 110739.73 24812.89 188328.86
3 14967.27 116173.42 0.00 23815.84 91835.85 72623.38
4 16545.33 110739.73 23815.84 0.00 85941.98 80517.32
5 78509.72 24812.89 91835.85 85941.98 0.00 163715.81
6 85207.47 188328.86 72623.38 80517.32 163715.81 0.00

Based on Table 5, the diagonal elements are zero, indicating that the distance of each region
to itself is zero. The off-diagonal elements vary across region pairs, reflecting differences in their
geographic locations. Since the geographic coordinates are time-invariant, the Haversine distance
matrix remains the same across all time periods in the panel dataset.

This distance matrix is subsequently used to construct the spatial weighting matrix in the
GWPR model with an adaptive kernel function. The use of the Haversine distance enhances
spatial weighting accuracy by accounting for the Earth’s curvature when coordinates are expressed
in latitude and longitude. This reduces potential distortion from planar distance approximations
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and ensures more geographically consistent kernel weights. Given the spatial scale of the study
area, the Haversine metric was considered more appropriate than alternative planar measures for
constructing the spatial weighting matrix.

3.5.2. Kernel Weighting Function and Optimal Bandwidth (Haversine)
In Geographically Weighted Panel Regression (GWPR), the choice of bandwidth controls the
balance between local model flexibility and overall smoothness. An optimal bandwidth is selected
using the Cross-Validation (CV) criterion, where the best bandwidth corresponds to the minimum
CV value.

In this study, bandwidth selection is conducted using an adaptive bisquare kernel with the
Haversine distance matrix. Several candidate bandwidths are evaluated, and the optimal value is
determined based on the lowest CV score.

Table 6: CV Scores and Candidate Adaptive Bandwidths (Haversine Distance)
CV Score Bandwidth (Nearest Neighbours)
2.168208 44

2.001027 35
2.164795 28
2.001027 37

Based on Table, the minimum CV value of 2.001027 is achieved at an adaptive bandwidth of
35 nearest neighbours. This bandwidth is therefore selected as the optimal value for the GWPR
model using Haversine distance. Because the Haversine distance matrix is time-invariant, the
spatial weighting matrix is identical for all periods. Consequently, the local coefficient estimates
vary across locations but remain comparable over time.

The selected bandwidth was compared with nearby candidate values, and the resulting local
coefficient patterns remained substantively stable, indicating robustness to minor bandwidth
variation. Because the spatial weights are derived from time-invariant geographic coordinates,
the weighting structure remains constant across periods, ensuring temporal comparability while
capturing spatial heterogeneity across locations.

3.5.3. GWPR Equation and Interpretation for 2025
The Geographically Weighted Panel Regression (GWPR) model was estimated using the Weighted
Least Squares (WLS) method with an adaptive bisquare kernel and a Haversine distance matrix.
Since the spatial weight matrix is time-invariant, the local parameter estimates remain constant
over time for each location. Thus, the following system represents the GWPR equations for all
districts/cities in 2025.

Boalemo (2025)

Ŷ2025 = 3.36212 + 1.589256X1,2025 + 0.411065X2,2025 + 0.001614X3,2025 + ε2025 (14)

Bone Bolango (2025)

Ŷ2025 = −44.2860 + 3.058633X1,2025 + 1.035924X2,2025 + 0.000195X3,2025 + ε2025 (15)

Gorontalo (2025)

Ŷ2025 = 3.32995 + 1.586533X1,2025 + 0.411542X2,2025 + 0.001617X3,2025 + ε2025 (16)

Gorontalo Utara (2025)

Ŷ2025 = 3.38137 + 1.592084X1,2025 + 0.410828X2,2025 + 0.001610X3,2025 + ε2025 (17)
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Kota Gorontalo (2025)

Ŷ2025 = −43.6963 + 3.232783X1,2025 + 0.991933X2,2025 + 0.000203X3,2025 + ε2025 (18)

Pohuwato (2025)

Ŷ2025 = −3.77430 + 1.873136X1,2025 + 0.494075X2,2025 + 0.001388X3,2025 + ε2025 (19)

The system of equations shows that the relationship between the dependent variable and
its predictors differs across districts and cities in 2025. In all locations, X1 has the largest
positive coefficient, indicating that it is the dominant factor influencing Y . The variable X2 also
contributes positively, although with smaller magnitudes. The coefficients of X3 are positive but
very small, suggesting that its effect on Y is relatively weak compared to X1 and X2.

These spatially varying coefficients confirm the presence of spatial heterogeneity and justify
using GWPR rather than a global panel regression model. The equations are reported for 2025
as a representative year. Given the time-invariant spatial weights and fixed-effects structure, the
local parameter estimates remain stable across periods, with temporal variation reflected in the
explanatory variables.

3.5.4. Local Parameter Significance Test of the GWPR Model
The significance of the local parameters in the Geographically Weighted Panel Regression
(GWPR) model was evaluated using the t-statistic at each district/city and year. A parameter is
considered statistically significant at the 5% significance level if |t| > 1.96.

Table 7 presents the local t-statistics and significance results for all districts/cities from 2016
to 2025. The results indicate that mean years of schooling (X1) and life expectancy at birth (X2)
are statistically significant across all districts and cities, while real per capita expenditure (X3)
is not significant in Gorontalo City.

Table 7: Local Parameter Significance Test in the GWPR Model for Gorontalo Province
ID Regency/City Variable Significance
1

Boalemo
X1 Significant
X2 Significant
X3 Significant

2
Bone Bolango

X1 Significant
X2 Significant
X3 Significant

3
Gorontalo

X1 Significant
X2 Significant
X3 Significant

4
North Gorontalo

X1 Significant
X2 Significant
X3 Significant

5
Gorontalo City

X1 Significant
X2 Significant
X3 Not Significant

6
Pohuwato

X1 Significant
X2 Significant
X3 Significant

Table 7 presents the results of the local parameter significance tests for the Geographically
Weighted Panel Regression (GWPR) model across the six districts and cities in Gorontalo
Province. The results show that mean years of schooling (X1) and life expectancy at birth
(X2) are statistically significant in all regions, indicating that education and health consistently
contribute to variations in the Human Development Index (HDI).
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In contrast, real per capita expenditure (X3) is not statistically significant in Gorontalo City,
suggesting that the role of economic capacity in explaining HDI may vary across spatial contexts.
This finding indicates that the influence of certain socioeconomic variables may differ between
urban and non-urban areas.

To further illustrate the spatial heterogeneity captured by the GWPR model, Fig. 2 presents
the spatial distribution of the estimated local regression coefficients for the three explanatory
variables. The maps provide a visual representation of how the effects of education, health, and
expenditure on HDI vary across districts and cities in Gorontalo Province.

(a) Local Coefficients of X1 (Mean
Years of Schooling)

(b) Local Coefficients of X2 (Life Ex-
pectancy at Birth)

(c) Local Coefficients of X3 (Real
Per Capita Expenditure)

Fig. 2: Spatial Distribution of Local GWPR Coefficients for Gorontalo Province, 2016–2025

Fig. 2 indicates clear spatial variation in the magnitude of the estimated coefficients across
the study area. The influence of mean years of schooling (X1) appears relatively strong in several
districts, highlighting the importance of education in improving human development outcomes.

Similarly, life expectancy at birth (X2) demonstrates a positive and consistent contribution
across locations, reflecting the role of health conditions in shaping regional development. In
contrast, the effect of real per capita expenditure (X3) is comparatively smaller and shows greater
spatial variability, supporting the earlier finding that its statistical significance differs across
regions.

4. Conclusion
This study investigates spatial heterogeneity in human development across districts and cities in
Gorontalo Province during the period 2016–2025 using a Haversine distance-driven Geographically
Weighted Panel Regression (GWPR) approach. By integrating panel data techniques with
geographically weighted estimation, this study provides a more nuanced understanding of how
socioeconomic determinants influence the Human Development Index (HDI) across space and
over time.

The results reveal substantial spatial variation in the determinants of HDI across Gorontalo
Province. Mean years of schooling (X1) consistently exhibits the largest positive effect on HDI
in all districts and cities, indicating that education remains the most influential driver of human
development at the local level. Life expectancy at birth (X2) also shows a positive and statistically
significant contribution across locations, highlighting the importance of health conditions in
shaping human development outcomes. In contrast, real per capita expenditure (X3) has a
relatively small effect and is not statistically significant in Gorontalo City, suggesting that the
role of economic capacity in improving HDI may differ across spatial contexts.

The use of a Haversine distance-based weighting scheme, combined with an adaptive bisquare
kernel, enables the GWPR model to capture spatial interactions more accurately by accounting
for Earth’s curvature and realistic geographic proximity among regions. Compared to the global
Fixed Effects Model, the GWPR framework provides richer local insights by revealing spatially
varying relationships that would otherwise be obscured under the assumption of parameter
homogeneity.
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In terms of model performance, the GWPR specification shows improved explanatory capa-
bility relative to the global FEM, as indicated by better model fit and cross-validation results
reported in the estimation section. This supports the relevance of allowing spatially varying
parameters in modeling HDI determinants.

The use of the Haversine-based weighting scheme is primarily conceptually motivated, as it
accounts for Earth’s curvature when coordinates are expressed in latitude and longitude. The
present study does not conduct a formal empirical comparison across alternative distance metrics.

Overall, the findings underscore the importance of adopting place-based and region-sensitive
development policies in Gorontalo Province. Policy interventions aimed at improving human
development should prioritize education and health improvements while considering local so-
cioeconomic characteristics and spatial heterogeneity. The methodological framework employed
in this study can also be extended to other regions to support spatially informed development
planning and evaluation.

"The dataset and code analyzed during the current study are publicly available in the Badan
Pusat Statistik Gorontalo 20251."
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