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This study examines spatial dependence in the Human Development
Index (HDI) of South Sulawesi Province using a Spatial Durbin Model
(SDM), which captures both the direct effects of regional predictors
and the indirect (spillover) effects from neighboring regions. To
improve the stability of parameter inference under a limited number of
observations, a residual bootstrap procedure is integrated into the SDM
estimation. Using 2023 cross-sectional data for 24 districts/cities and
four predictors—percentage of poor population, per capita
expenditure, life expectancy, and expected years of schooling—the
residual bootstrap SDM vyields a lower Akaike Information Criterion
and a higher coefficient of determination (AIC = 54.6039, R2=0.9906)
than the conventional SDM (AIC = 69.4245, Rz = 0.9774). Per capita
expenditure, life expectancy, and expected years of schooling
significantly affect HDI directly, while per capita expenditure and
expected years of schooling also show significant spatial spillover
effects on neighboring regions. These findings indicate that
incorporating a residual bootstrap into the SDM framework improves
estimation stability under limited sample conditions, offering more
reliable evidence to support spatially targeted regional human
development policies in South Sulawesi.
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1. INTRODUCTION

Spatial regression analysis is a statistical approach used to model data influenced by location or
regional factors. In the context of spatial data, modeling does not only focus on the relationships among
variables but must also account for spatial effects in the form of spatial heterogeneity and spatial dependence
[1]. Spatial dependence indicates the existence of relationships between the value of a variable in one region
and values in neighboring regions. Meanwhile, spatial heterogeneity reflects differences in characteristics
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across regions that cannot be uniformly explained [2]. Therefore, location and geographical proximity play a
crucial role in understanding patterns and relationships among social and economic phenomena [3]. Spatial
modeling is essential to produce more accurate and contextually relevant analyses for geographically structured
data [4].

The use of regression models that ignore spatial structure poses a risk of producing biased and
inefficient parameter estimates. This occurs because the assumption of independence among observational
units is violated in data characterized by geographical interdependence [5]. When variables within a system
exhibit interrelationships based on geographical proximity, such cross-location relationships must be explicitly
modeled through spatial regression approaches. One model capable of capturing these interactions is the Spatial
Durbin Model (SDM). This model accommodates both the direct effects of variables within a region and the
indirect effects of variables from neighboring regions [6].

The Spatial Durbin Model is a spatial regression approach that captures the relationships between
dependent and independent variables through the use of a spatial weight matrix. This model can be applied to
both cross-sectional and panel data [7]. SDM combines elements of the Spatial Lag Model and the Spatial Lag
of X by incorporating spatial lags of both the dependent and independent variables. Consequently, SDM is able
to explain the effects of variables within a region as well as the spillover effects from neighboring regions
simultaneously [8]. This capability makes SDM more precise in representing complex and interconnected
spatial dynamics across regions [9].

Despite its advantages in capturing spatial relationships, the application of spatial regression is not
free from methodological challenges, particularly limitations related to sample size. Theoretically, the validity
of regression inference relies heavily on the assumptions of the central limit theorem, which require an adequate
sample size for the estimator distribution to approximate normality. When the sample size is relatively small,
the parameter estimates may become unstable, and tests for spatial dependence may lose statistical power [10].

To address this issue, the bootstrap approach has been widely recommended in the statistical literature.
Bootstrap is a resampling technique that generates an empirical distribution of an estimator by repeatedly
resampling from the available data [11]. This approach is considered effective in improving the stability of
parameter estimation and enhancing statistical inference under conditions of limited observations [12]. One
commonly used bootstrap method in regression analysis is the residual bootstrap, which resamples residuals
from the model to preserve the regression error structure [13].

Numerous empirical studies have demonstrated the successful application of bootstrap approaches in
spatial analysis. Residual bootstrap to a Spatial Autoregressive model for poverty analysis and obtained more
stable estimation results [14]. Spatial regression approaches have also been developed in the form of robust
SDM to map disease distribution and capture spatial interactions across regions more accurately [15]. In
addition, the application of bootstrap methods to spatial models has been proven to enhance the reliability of
statistical inference when dealing with limited observational data [16]. However, existing bootstrap
applications in spatial econometrics have largely been developed for the Spatial Autoregressive model or for
GTWR-type frameworks, and residual bootstrap has not yet been specifically implemented within the SDM
for regional human development analysis, leaving a gap between the growing body of bootstrap-based spatial
methods and their application to HDI modeling. This study addresses this gap, and its novelty lies in integrating
a residual bootstrap procedure directly into SDM estimation to obtain more stable inference for HDI
determinants under the limited number of observational units available at the district/city level.

The Human Development Index (HDI) is a strategic indicator used to measure the success of human
development and to determine the level of development of a region. Based on data from Statistics Indonesia,
the HDI of South Sulawesi Province in 2023 was recorded at 73.46, which remains below the national average.
Geographical proximity among districts and cities potentially induces spatial autocorrelation in human
development achievements, rendering conventional regression analysis less appropriate for HDI modeling.
Therefore, a Spatial Durbin Model approach is required to capture both direct and indirect interregional effects.
Given the limited number of observational units, this study integrates the SDM with a residual bootstrap
approach to obtain more stable and robust parameter estimates in identifying factors influencing HDI in South
Sulawesi Province. Specifically, this study aims to (i) estimate the SDM with residual bootstrap for HDI in
South Sulawesi Province and (ii) identify the socioeconomic factors that significantly affect HDI both directly
and through spatial spillover from neighboring districts/cities. The main contribution of this study is a residual
bootstrap procedure embedded within the SDM framework that improves the stability of parameter inference
under a small number of spatial units, offering more reliable evidence to support spatially-targeted human
development policy in South Sulawesi Province.

2. METHOD
The data used in this study are secondary cross-sectional data obtained from the official publication
of Statistics Indonesia (Badan Pusat Statistik) for South Sulawesi Province. The units of analysis comprise all
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24 districts/cities in the province; thus, the study constitutes a complete enumeration of the administrative units
rather than a drawn sample, and no inclusion or exclusion criteria beyond administrative boundaries were ap-
plied.

This study incorporates one dependent variable and four independent variables to examine the deter-
minants of human development and their spatial interaction effects across different regions. The selection of
variables was based on theoretical considerations related to socioeconomic development and the multidimen-
sional nature of human well-being. The dependent variable in this study is the Human Development Index
(HDI) (YY), which is used to measure the level of human development based on three fundamental dimensions:
a long and healthy life, knowledge, and a decent standard of living.

The independent variables consist of four indicators. The first is the Percentage of Poor Population
(PPP) (X4), defined as the proportion of individuals whose average monthly per capita expenditure falls below
the national poverty line. The second variable is Expenditure per Capita (EC) (X2), measured as the average
total monthly expenditure per individual within a household to meet living needs. The third variable is Life
Expectancy (LE) (Xs), defined as the average number of years a person is expected to live from birth under
prevailing mortality patterns. The fourth variable is Expected Years of Schooling (EYS) (Xa4), defined as the
average number of years of formal education that a seven-year-old child is expected to receive in the future.

The empirical analysis was conducted in several systematic stages to ensure the robustness and valid-
ity of the spatial econometric estimation. The procedure includes model specification, spatial diagnostic testing,
parameter estimation, and model evaluation, as described in the following steps
1. Data exploration was conducted using descriptive and spatial analyses.

2. Multiple linear regression modeling was conducted to obtain an initial overview of the relationships among
variables and to test the classical assumptions in the regression model. The multiple linear regression
model is expressed in Equation (1).

14

yVi = ,80 +Zﬁkxik +€i, i = 1,2,...,Tl;k = 1,2,3,...,p (1)

k=1
The general equation of the linear regression model is expressed in matrix notation, as shown in Equation
).
y=XB+e (2)

where y is a vector of dependent variables of size nx1, B is a vector of regression parameters of size (p +
1) x 1, g isa vector of errors of size n X 1, and X is a matrix of independent variables of size n x (p + 1).
The parameters of the multiple linear regression model were estimated based on the formula written in
Equation (3).

B=XX)"(X'y) @)

3. A spatial weight matrix was constructed using the inverse distance weighting (IDW) approach. The
weights were calculated from the great-circle (Euclidean) distance between the geographic coordinates of
the administrative center of each district/city, obtained from official BPS geospatial references, and the
resulting matrix was row-standardized so that the weights for each district/city sum to one.

4. Spatial heterogeneity was tested using the Breusch-Pagan (BP) test. The BP test statistic was calculated
using Equation (4). The BP test examines whether the error variance differs systematically across dis-
tricts/cities (spatial heterogeneity), which is distinct from Moran’s I, which instead examines whether val-
ues in one district/city are correlated with values in neighboring districts/cities (spatial dependence); both
conditions are assessed because either can motivate the use of a spatial regression model.

BP = % fTZ(Z7Z) 127 f~x> 4

5. Spatial dependence was examined using Moran’s I statistic. The spatial dependence test used the formula

in Equation (5).
iy Xjoq Wi (o — ) (% — %) )
Doy Mg Wiy (x; — %)?

6. The parameters of the spatial Durbin model (SDM) were estimated using maximum likelihood estimation
(MLE). The SDM specification includes a spatial lag of the dependent variable and spatial lags of all
independent variables, as written in Equation (7), and MLE relies on the assumption that the error term is
normally distributed with a mean of zero and constant variance, an assumption evaluated through the re-
sidual diagnostics reported in this study.

7. The residuals were calculated using Equation (6).

e=y—pWy—-Xp—-WX6 (6)

8. The parameter significance was tested using the Wald test.
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9. A residual bootstrap procedure with Breplications was performed to obtain stable parameter estimates.
The procedure resampled the SDM residuals with replacement, added the resampled residuals back onto
the fitted values to generate a bootstrapped dependent variable, and re-estimated the SDM on this boot-
strapped variable while holding the spatial weight matrix and the estimated spatial autoregressive coeffi-
cient fixed, so that the spatial dependence structure of the original model was preserved across replications.
Replication sizes of 200, 500, 1,000, 2,000, 5,000, and 10,000 were compared, and stability was declared
once the standard errors no longer changed appreciably between successive replication levels, which oc-
curred at B = 10,000.

10. Model selection was based on the R? and Akaike Information Criterion (AIC). A higher R2 indicates that
a larger proportion of the variation in HDI is explained by the model, whereas a lower AIC indicates a
better balance between goodness of fit and model complexity; the model with the higher R2 and the lower
AIC among those compared was selected as the best model.

3. RESULTS AND DISCUSSION
3.1 Parameter Estimation in the Spatial Durbin Model
The spatial Durbin model (SDM) is a form of spatial regression that resembles the spatial
autoregressive (SAR) model, with the main characteristic being the presence of a spatial lag in the dependent
variable (y). The SDM parameters were estimated using the maximum likelihood estimation (MLE) method.
The likelihood function was constructed using the residual equation (g), which followed a normal distribution,
as presented in Equation (7).
£=y—pWy—Z8 (7)
Based on the residual in Equation (7), the likelihood function was expressed as presented in Equation (8).
n n
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To estimate the parameter & in the SDM, the log-likelihood function derived from Equation (8) was maximized.
This procedure involved taking the derivative of the equation with respect to § and equating it to zero.
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Thus, the estimator for the parameter § was obtained as shown in Equation (10).
8§=Z'2D)'Zy-pZ'2) 7wy (10)

3.2 Exploratory Data Analysis and Spatial Patterns of HDI

The Human Development Index (HDI) data of South Sulawesi Province in 2023 indicate considerable
variation in human development achievements across districts/cities. The highest HDI value was recorded in
Makassar City (83.52), while the lowest was observed in the Selayar Islands Regency (69.20). The average
HDI of South Sulawesi Province in 2023 was 72.15.
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Figure 1. Spatial Distribution Map of HDI in South Sulawesi 2023

The HDI distribution map reveals clear regional disparities in the level of human development.
Makassar City stands out as the only region classified as having a very high HDI, distinguishing it markedly
from other districts/cities. Most regions fall into the high HDI category, while several districts remain in the
medium category. No region is classified as having a low HDI, indicating that overall human development in
South Sulawesi is relatively good. Nevertheless, the observed interregional differences reflect development
inequality that requires policy attention.

The spatial clustering pattern based on HDI levels shows that districts/cities with relatively similar
HDI achievements tend to be geographically adjacent to each other. This finding suggests that human
development is not independent across regions but is spatially interconnected. Regions with high HDI may
exert positive spillover effects on neighboring areas and vice versa, highlighting the importance of a regional -
based approach to human development analysis.
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Figure 2. Correlation Plot among Research Variables

The correlation plot among variables shows that per capita expenditure and life expectancy are
positively associated with HDI. This indicates that improvements in economic capacity and population health
tend to be accompanied by higher human development achievements. Conversely, the percentage of the poor
population exhibits a negative relationship with HDI, implying that higher poverty levels may reduce the
quality of human development within a region. In addition, relatively high correlations are observed among
several independent variables, reflecting the interrelated nature of socioeconomic indicators in shaping human
development outcomes. These interconnections reinforce the argument that HDI analysis should be conducted
comprehensively rather than partially. Overall, the exploratory data analysis provides an initial overview of
HDI distribution patterns and the relationships among socioeconomic indicators in South Sulawesi Province.
These findings form a critical basis for further analysis using a spatial regression approach, as they indicate
that HDI variation across districts/cities is influenced not only by internal regional characteristics but also by
spatial interactions with neighboring areas.
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3.3 Spatial Dependence of the Human Development Index
Spatial dependence analysis was conducted to identify the presence of spatial interrelationships in
Human Development Index (HDI) achievements among districts/cities in South Sulawesi Province. This
approach aims to determine whether HDI values in a given region are influenced by HDI values in neighboring
regions. The results of the Moran’s Index test on the response variable, independent variables, and regression
residuals are presented in Table 1.
Table 1. Results of Moran’s I Test

Variable Moran’s Index p-value Decision (a = 0.05)
Y 0.0464 0.0108 Reject H,
X, 0.1015 0.0003 Reject H,
X, 0.0277 0.0363 Reject H,
X5 -0.0932 0.8815 Fail to Reject H,
X, 0.0390 0.0195 Reject H,
Residual -0.0951 0.8894 Fail to Reject H,

The Moran’s I test results indicate that the dependent variable (Y) has a p-value smaller than a = 0.05
with a positive Moran’s index, suggesting the presence of spatial dependence across locations for the dependent
variable. Furthermore, several independent variables (Xi, X2, and Xa4) also exhibit p-values below o = 0.05,
indicating spatial dependence among these explanatory variables. The global spatial dependence test conducted
on the residuals yields a p-value greater than a = 0.05, implying no spatial dependence in the residuals. Since
the dependent variable and at least one independent variable exhibit spatial dependence, the Spatial Durbin
Model (SDM) is deemed appropriate for this study.

3.4 Estimation of the Spatial Durbin Model
The analysis proceeds with the estimation of the spatial Durbin model (SDM) to identify the factors
influencing the human development index (HDI) in South Sulawesi Province while accounting for spatial
interactions among regions. This model allows for the measurement of the effects of independent variables
originating from both the region itself and neighboring regions. The estimated parameters of the SDM are
presented in Table 2.
Table 2. Estimation Results of the Spatial Durbin Model for HDI

Parameter Estimate z-value p-value
a -341.9500 -1.1502 0.2501
B 0.0842 1.0887 0.2763
B, 0.0009 10.3984 0.0000
B3 1.0155 1.9730 0.0485
Ba 2.6330 8.4180 0.0000
0, 0.2051 0.2642 0.7916
9, 0.0034 2.9839 0.0028
03 4.9935 1.2623 0.2069
0, 10.9080 3.3111 0.0009
p -3.6497 0.0017

The SDM with a residual bootstrap approach can be expressed as follows:
n

9, = —3.64972 wy;y; — 341.9500 + 0.0842 x;; + 0.0009 x;, + 1.0155 x5 + 2.6330 x4

j=1

n n n n
=1 j=1 Jj=1 j=1
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Where 7_,w;; represents the spatial interaction between the observed district/city iand its neighboring
districts/cities j. The SDM parameter estimates indicate that independent variables associated with parameters
Bs (p-value = 0.0485) and Bs (p-value = 0.0000) significantly influence the dependent variable at the 5%
significance level. In addition, the spatially lagged variables corresponding to parameters 62 (p-value = 0.0028)
and 0. (p-value = 0.0009) are also statistically significant at the 5% level. The positive coefficients (0.0034 and
10.9080) suggest that higher values in neighboring regions tend to increase the HDI in the focal region. The
spatial autoregressive coefficient (p) is also statistically significant (p-value = 0.0017), indicating a strong
spatial effect in the dependent variable itself. It should be noted that B and 6 here represent, respectively, the
direct effect of a predictor within its own district/city and the raw spillover association with neighboring
districts/cities; because the model also includes the spatially lagged dependent variable (p), these raw
coefficients do not equal the total effect, and a formal impact decomposition into direct, indirect, and total
effects would be required to quantify the exact magnitude of spillover before drawing conclusions about the
size of neighboring-region influence.

3.5 Spatial Durbin Model with the Residual Bootstrap Approach

The Spatial Durbin Model (SDM) was estimated using a residual bootstrap approach. The initial stage
of the bootstrap process was carried out by resampling the residuals obtained from the previously estimated
SDM. Subsequently, the bootstrapped dependent variable was modeled with the independent variables using
the SDM approach. The residual values used to generate the next replication were obtained through a
resampling process of the residuals from the initial model. The procedure was repeated iteratively to obtain the
smallest standard error by varying the bootstrap sample size through the parameter nb. This selection was
performed by comparing the results from each iteration level, and the replication that produced the smallest
standard error was used as the reference for presenting the results in Table 3.

Table 3. Comparison of Standard Residuals Values for Each Replication

Parameter Without Replication 200 500 1000 2000 5000 10000
@ 297.29 314.2946 301.15 298.9439 296.2107 294.4517 293.5987
B 0.0773 0.0699 0.0749 0.0759 0.0762 0.07 0.0754
& 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001
Bs 0.5147 0.5175 0.5072 0.5043 0.5069 0.5037 0.5015
B 0.3128 0.2733 0.293 0.3033 0.3138 0.3102 0.3046
o 0.7764 0.8464 0.6844 0.719 0.7255 0.7301 0.7204
0. 0.0011 0.001 0.001 0.001 0.001 0.001 0.001
% 3.956 3.9619 3.8626 3.856 3.8272 3.8101 3.8081
O 3.2943 3.1776 3.1848 3.2365 3.2662 3.2211 3.1575
p 0.73735 0.6995 0.691 0.688 0.6993 0.711 0.7063

Table 3 showed that when B = 10,000, the smallest standard error was obtained, and it was not
substantially different from the standard error of the original model. Therefore, the best estimation result for
the residual bootstrap resampling in the SDM modeling was obtained with B = 10,000replications. The SDM
modeling using the residual bootstrap approach on the analyzed data produced regression parameters as
presented in Table 4.

Table 4. Estimation Results of the Spatial Durbin Model Using the Residual Bootstrap Approach

Parameter Estimate z-value p-value
a 27.7866 0.0946 0.9246
B1 0.0807 0.0946 0.2842
B2 0.0009 1.0710 0.0000
B3 1.0074 10.6203 0.0445
B 2.6436 2.0089 0.0000
0, 0.1980 8.6778 0.7835
0, 0.0038 0.2748 0.0003
03 52212 3.5762 0.1704

Spatial Effects on the Human Development Index in South Sulawesi: A Residual Bootstrap Spatial Durbin
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Parameter Estimate z-value p-value
o

* 12.0741 13711 0.0001

p -4.0902 3.8240 0.0000

The SDM with the residual bootstrap approach can be expressed as follows:

n
$; = —4.0902 z wy;y; + 27.7866 + 0.0807 x;; + 0.0009 x;, + 1.0074 x;5 + 2.6436 x;4

j=1
n

n n n
j=1 j=1 j=1 j=1

The bootstrap-based estimates indicate stable results, as reflected by low bias and relatively small
standard errors across parameters. As shown in Table 3, the standard error of p changes by less than 0.02
between B = 5,000 and B = 10,000 (from 0.711 to 0.7063), and the standard errors of the remaining parameters
likewise change only marginally at this range, which is the quantitative basis for regarding B = 10,000 as the
point of stability rather than relying on the smallest standard error alone. The SDM with residual bootstrap,
constructed using the percentage of poor population (X:), per capita expenditure (X2), life expectancy (Xs), and
expected years of schooling (X4), provides a comprehensive depiction of the socioeconomic factors influencing
human development. Based on the estimation results, variables X2, Xs, and X4 have a statistically significant
effect on improving HDI values. This is consistent with human capital and welfare theory, in which household
consumption capacity, health, and education jointly determine long-run human development outcomes, and
aligns with prior empirical findings that per capita expenditure, life expectancy, and years of schooling are
among the strongest correlates of HDI at the district/city level [9], [16]. The spatial autoregressive coefficient
(p) is also statistically significant, indicating the presence of spatial interdependence in HDI across regions.
Moreover, indirect effects arising from neighboring regions through spatially lagged independent variables
contribute significantly to the model.

3.6 Selection of The Best Models

Model selection was conducted to evaluate the appropriateness of the SDM with the bootstrap approach
for the Human Development Index case in South Sulawesi Province. The evaluation was based on goodness-
of-fit indicators, namely the coefficient of determination (R?) and the Akaike Information Criterion (AIC). The
results of the best model selection is presented in Table 5.

Table 5. Goodness-of-Fit Comparison

Model R? AlC
SDM 0.9774 69.4245
SDM-Bootstrap 0.9906 54.6039

The comparison of model performance between the SDM and SDM-Bootstrap models based on R? and
AIC values indicates that the SDM-Bootstrap model performs best. This model achieves an R2 value of 0.99086,
indicating that 99.06% of the variation in HDI can be explained by the explanatory variables, namely
percentage of poor population (X1), per capita expenditure (X2), life expectancy (Xs), and expected years of
schooling (X4). In addition, the SDM-Bootstrap model records the lowest AIC value of 54.6039, reflecting the
highest model efficiency and optimal goodness of fit. By comparison, using the same dataset and the same set
of predictors, the conventional SDM model yields an R2 of 0.9774 with an AIC of 69.4245 (Table 5). Therefore,
the SDM-Bootstrap approach not only enhances the explanatory power of the model but also reduces statistical
complexity, making it the most appropriate model for describing the spatial characteristics of HDI in South
Sulawesi Province.

4. CONCLUSION

The results of the spatial regression modeling using the residual bootstrap approach indicate that the
best model for analyzing the Human Development Index (HDI) in South Sulawesi Province in 2023 is the
Spatial Durbin Model with residual bootstrap. This model is characterized by the smallest AIC value of 54.6039
and an R2 of 0.9906. The estimated SDM-Bootstrap equation is expressed as follows:
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n
$; = —4.0902 z wy;y; + 27.7866 + 0.0807 x;; + 0.0009 x;, + 1.0074 x;5 + 2.6436 x;4
j=1

n n n n

Jj=1 Jj=1 Jj=1 j=1

The factors that significantly influence HDI include per capita expenditure, life expectancy, and expected
years of schooling, all of which show a statistically significant direct effect within their own district/city.
Among these, per capita expenditure and expected years of schooling additionally show a statistically
significant spatial spillover association with neighboring regions, whereas life expectancy shows a significant
direct effect only, with no significant spillover association. The residual bootstrap approach improves the
stability of the SDM estimates, as reflected in smaller and more consistent standard errors and p-values for
several key parameters across bootstrap replications (Table 3), suggesting more reliable inference under the
study's limited number of spatial units. These findings suggest that regional human development policy in
South Sulawesi Province may benefit from prioritizing per capita expenditure and years of schooling, given
their combined direct and spillover influence on HDI. This study is limited by its reliance on 2023 cross-
sectional data, so that the estimated relationships describe associations at a single point in time and do not
capture how these effects may evolve over subsequent years.
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