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predetermined functional form. This study applies a quantitative, spatial
nonparametric regression approach, namely the Multiscale Geographically
Weighted Spline Nonparametric Regression (MS-GWSNR) model, to poverty rates
in 176 regencies/cities across Eastern Indonesia in 2025. The model uses

Keywords:

Poverty; secondary cross-sectional data from Statistics Indonesia (BPS) and the Geospatial
Spatial Heterogeneity; Information Agency (BIG), with the Human Development Index (HDI), open
Multiscale; unemployment rate (OUR), gross regional domestic product (GRDP) per capita, and
Geographically population density as covariates. The model was estimated via a backfitting
Weighted Regression; algorithm assigning a component-specific bandwidth to each covariate,
Ttruncated Spline. benchmarked against single-bandwidth GWSNR and the linear MGWR. The spatial

scale of each covariate was characterized by pairing its optimum bandwidth with
the effective number of parameters (ENP). The results showed that the covariates
operated at markedly different spatial scales: the intercept, HDI, OUR, and
population density were local (bandwidth 10-14 nearest regencies), whereas
GRDP per capita was nearly global (bandwidth 175, lowest ENP). HDI was the
dominant determinant, significant in 89.8% of locations and generally associated
with lower poverty. MS-GWSNR achieved the best fit among the compared models,
raising the coefficient of determination from 85.69% (MGWR) and 87.54%
(GWSNR) to 88.70% and reducing the RMSE from 3.3467 and 3.1232 to 2.9741,
while also producing more stable local estimates. Notably, both MGWR and MS-
GWSNR independently identified GRDP per capita as a near-global process,
supporting the robustness of the multiscale finding.
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A. INTRODUCTION

Poverty alleviation remains one of the central challenges of national development in
Indonesia. Although the national poverty rate reached 8.25% in September 2025, its
distribution across provinces is far from uniform. Nine of the ten provinces with the highest
poverty rates are located in Eastern Indonesia (Kawasan Timur Indonesia, KTI), ranging from
Central Papua (29.45%) and Highland Papua (27.21%) to Gorontalo (12.62%), while several
other KTI provinces such as West Nusa Tenggara, Central Sulawesi, West Sulawesi, and
Southeast Sulawesi also recorded rates above the national average (BPS, 2025). Following the
regional classification of the Ministry of National Development Planning, KTI comprises
Sulawesi, Nusa Tenggara, Maluku, and Papua (Kementerian PPN/Bappenas, 2014). The wide
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disparity among regions indicates that poverty in KTI is not spatially homogeneous. This
pattern is consistent with recent evidence of pronounced regional economic inequality across
Eastern Indonesia (Hamrullah et al., 2026), as well as findings that a mixed geographically
weighted model captured pronounced local variation in poverty determinants across districts
in Nusa Tenggara Timur (Ola et al., 2024). Such heterogeneity calls for an analytical approach
able to accommodate local variation across space.

Earlier studies of poverty in KTI have repeatedly detected spatial heterogeneity using
Geographically Weighted Regression (GWR) and its extensions. In Papua, Lumbantoruan et al.
(2023) found that GWR outperformed ordinary regression, with the influence of socioeconomic
factors on poverty varying significantly across districts. In Nusa Tenggara Timur, Ola et al.
(2024) similarly showed that a mixed geographically weighted model captured both local and
global determinants of poverty more accurately than ordinary GWR. A related study on
Sulawesi Island similarly documented pronounced spatial heterogeneity in poverty
determinants using a geographically weighted approach (Laome et al., 2022). These findings
suggest that each determinant may exert its influence at a different spatial scale and through
relationships that are not necessarily linear.

GWR is a local regression technique that explores spatial non-stationarity by allowing
parameters to vary across geographic locations, with weights formed through a kernel function
governed by a single optimum bandwidth (Oshan et al., 2019). The use of a single bandwidth
implicitly assumes that all relationships operate at the same spatial scale, which may not hold
in practice: some processes act over broad regions while others are confined to small
neighborhoods. As a result, GWR yields a best-on-average scale that can mask genuine
differences among covariates (Comber et al., 2023). To overcome this limitation, GWR with
flexible bandwidths was later formalized as Multiscale Geographically Weighted Regression
(MGWR), in which each local coefficient is estimated with its own bandwidth interpreted as the
spatial scale at which the corresponding relationship operates (Fotheringham et al., 2017).
These bandwidths are obtained through model calibration, where a smaller bandwidth
indicates a more local spatial process, whereas a larger bandwidth implies a more global reach
(Kang & Oshan, 2025). MGWR has improved the understanding of spatial variation in diverse
settings, including county-level economic development in China (Huang et al,, 2023) and the
analysis of environmental factors affecting cardiovascular diseases in Nanning, China (Deng et
al,, 2025). It has likewise proved useful for examining health outcomes in developed-country
settings, including the spatial variations of COVID-19 morbidity and mortality rates across
England (Morasae et al, 2024) and the spatial predictors of anemia among women in
Mozambique (Gebrehana et al., 2025).

A second concern is the functional form of the relationships. Parametric regression
presumes a known form and may produce biased estimates when that assumption is violated,
whereas nonparametric regression lets the data determine the shape of the regression curve
(Mahmoud, 2021). The truncated spline is a widely used nonparametric basis whose strength
lies in following local patterns flexibly through knots that mark changes in data behavior (Putra
et al., 2023), and has been applied to the achievement status of unmet need targets in East Java
and the percentage of the poor population in Indonesia (Suriaslan et al., 2025). Several studies
of poverty in KTI provinces support the relevance of such flexibility: a truncated spline model



Atiek Iriany, Multiscale Geographically Weighted Spline Nonparametric... 1461

of rural poverty, unemployment, and agricultural growth across Indonesia's major regions,
including Sulawesi and Papua-Maluku-Nusa Tenggara, found pronounced nonlinear, region-
specific effects that classical linear models could not capture (Fattah et al., 2025), and a study
on Sulawesi Island found that a geographically weighted mixed model incorporating truncated
splines was more appropriate than global linear regression in addressing spatial heterogeneity
of poverty (Laome et al,, 2022).

The integration of spline nonparametric regression with geographic weighting is known as
Geographically Weighted Spline Nonparametric Regression (GWSNR) (Sifriyani et al., 2017),
and has been applied to analyze the crude birth rate across 38 areas in Eastern Java (Sifriyani
et al.,, 2018). GWSNR is flexible in functional form but still relies on a single spatial scale for all
covariates, so it cannot fully represent scale differences among the explanatory variables.
MGWR, conversely, accommodates multiple spatial scales but remains parametric and
therefore limited in handling complex nonlinear relationships. This leaves a methodological
gap. Existing multiscale approaches are constrained to linear functional forms, while existing
nonparametric spatial approaches are constrained to a single spatial scale, so neither can jointly
capture heterogeneity across space and nonlinearity in functional form. This complementary
gap motivates a model that combines both strengths, namely the Multiscale Geographically
Weighted Spline Nonparametric Regression (MS-GWSNR), whose theoretical development and
estimator properties are presented in a companion paper (Fahrani et al., 2026). Rather than re-
deriving the estimator here, the present work builds on that companion paper and instead
emphasizes the empirical contribution: a spatially explicit account of poverty determinants in
Eastern Indonesia.

Beyond poverty analysis, this combination of properties is broadly relevant because the two
elements are independently well-documented across a range of fields. Nonlinear, spatially
heterogeneous relationships have recently been reported in housing markets (Chen et al,,
2025), environmental health risk analysis (Czarnota et al., 2015), and transportation research
(Guo et al., 2025). Scale-dependent processes, in which different factors operate at different
spatial extents, have similarly been documented using multiscale geographically weighted
regression in public health (Deng et al., 2025; Gebrehana et al., 2025; Morasae et al., 2024) and
traffic emissions modelling (Omrani et al., 2025). A model capable of jointly capturing both
properties therefore addresses a combination of characteristics that, while individually
common across fields, has rarely been modelled simultaneously. To the best of our knowledge,
an approach that simultaneously accommodates multiscale spatial heterogeneity and nonlinear
relationships has not yet been applied to poverty across KTI as a whole; previous multiscale
work covered only a single province, while nonparametric studies were conducted province by
province.

This study therefore applies the MS-GWSNR model to the 2025 poverty rate across all 176
regencies/cities of KTI. The objectives are threefold: to characterize the spatial scale at which
each determinant of poverty operates by pairing the optimum bandwidth with the effective
number of parameters (ENP); to assess the local significance and direction of each covariate;
and to compare the empirical performance and estimation stability of MS-GWSNR against the
linear multiscale MGWR and the single-bandwidth GWSNR.
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B. METHODS
1. Data and Study Area

This study adopts a quantitative research design employing spatial nonparametric
regression analysis, using secondary cross-sectional data on the 2025 poverty rate in Eastern
Indonesia (KTI) obtained from Statistics Indonesia (BPS). Following the classification of the
Ministry of National Development Planning, the study area covers Sulawesi, Nusa Tenggara,
Maluku, and Papua, comprising 176 regencies/cities as the observation units. The geographic
coordinates of each regency were obtained from the Ina-Geoportal of the Geospatial
Information Agency (BIG). The variables are summarized in Table 1.

Table 1. Research Variables

Symbol Variable Unit Scale
Y Percentage of poor population (Py) Percent (%) Ratio
X Human Development Index (HDI) Index (0-100) Ratio
X, Open unemployment rate (OUR) Percent (%) Ratio
X GRDP per capita (constant prices) Thousand Rp/capita Ratio
X, Population density Persons/km? Ratio

2. The MS-GWSNR Model
MS-GWSNR extends GWSNR by allowing every model component to have its own
bandwidth, combining the local nonlinear flexibility of the truncated spline with the multiscale

spatial structure of MGWR. For an observation located at coordinates (u;, v;), the model is
(Fahrani et al., 2026):

r
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where y; is the response, x;;the k-th predictor, ng") and S,EZW") the spatially varying

polynomial and truncated spline coefficients, and bw, the component-specific bandwidth.

Because the components use different bandwidths and spatial weight matrices, the model
is estimated iteratively with a backfitting algorithm initialized from the single-bandwidth
GWSNR fit and iterated until convergence based on the score-of-change (SOC) criterion (Figure
1). A tolerance of 10™° was adopted following convention in backfitting-based estimation,
where the SOC is expected to approach zero as component estimates stabilize. This threshold
balances computational cost against estimation precision.
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Figure 1. Flowchart of the backfitting algorithm for MS-GWSNR estimation

Following the linear smoother framework (Buja et al., 1989), the spatial scale of each
component is summarized by its effective number of parameters, defined as the trace of its
smoother matrix S:

ENPk = tT‘(Sk) (2)

A small bandwidth yields a large ENP, indicating a locally flexible component, while a large
bandwidth yields a small ENP, indicating a near-global or stationary effect. Pairing the optimum
bandwidth with the ENP thus indicates scale differences among covariates (Yu et al,, 2019).

3. Analysis Procedure
The following is a flowchart of the MS-GWSNR analysis procedure, as shown in Figure 2.
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The analysis followed the stages summarized in Figure 2, from data preprocessing through
model estimation to goodness-of-fit evaluation. Data preprocessing comprised a Ramsey
RESET linearity test for each covariate, a variance inflation factor check for multicollinearity,
and a spatial heterogeneity test. The spline order and number of knots were selected by
minimizing the Generalized Cross-Validation (GCV) criterion, and the kernel and bandwidth by
minimizing the Cross-Validation (CV) criterion under an adaptive weighting scheme expressed
as a number of nearest neighbors. GCV and CV are standard data-driven criteria that balance fit
against overfitting without requiring a pre-specified functional form. An adaptive rather than a
fixed-distance bandwidth was used because regencies across KTI vary substantially in size and
spatial density, a fixed distance would oversmooth dense clusters and undersmooth sparse
areas, whereas a nearest-neighbor bandwidth adjusts to local point density. Inter-location
distances were computed geodesically, since the study area spans several UTM zones;
covariates were standardized using the Z-score transformation given their widely differing
ranges; and missing OUR values in seven regencies were imputed using the weighted average
of the five nearest neighbors, consistent with the principle that nearby locations share similar
characteristics.

Following data preprocessing, GWSNR was estimated first as the starting value for
backfitting, followed by MS-GWSNR, whose optimum bandwidth and ENP per component were
examined to identify spatial scales. Local significance at each location was tested using a t-
statistic from the component standard error, allowing a covariate to be significant in some
regions but not others. As a benchmark, the linear multiscale MGWR was estimated using the
same adaptive kernel and cross-validated bandwidths; since MGWR shares MS-GWSNR's
multiscale structure but assumes linear relationships, the contrast isolates the contribution of
the spline component. Goodness of fit across MGWR, GWSNR, and MS-GWSNR was compared
using the residual sum of squares (RSS), the coefficient of determination (R?), and the root
mean square error (RMSE), complemented by maps of each covariate's spatial contribution.

C. RESULT AND DISCUSSION
1. Data Description

The 176 KTI regencies displayed substantial inter-regional variation in 2025. The
percentage of poor population ranged from 3.34% to 42.56% with a mean of 15.34%, reflecting
a wide poverty gap. The most striking variation appeared in GRDP per capita, whose standard
deviation exceeded its mean, indicating sharp economic inequality, while population density
ranged from 1 to more than 8,000 persons per km?. Descriptive statistics are presented in Table
2.

Table 2. Descriptive Statistics of the Research Variables

Variable Minimum Maximum Mean Std. dev.
Y 3.34 42.56 15.344 8.873
Xy 40.35 86.36 70.683 7.262
X, 1.24 11.37 3.868 1.908
X3 4,590.00 621,817.00 38,208.648 66,772.062

X, 1.00 8,334.00 326.301 941.353
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The spatial distribution of poverty (Figure 3) revealed a clear west-to-east gradient.
Sulawesi and parts of Maluku showed relatively low poverty (3.34 — 13.22%), whereas Papua,
particularly Highland, Central, and South Papua, was dominated by very high rates (28.1 —
42.56%). This large spatial variation provided an initial indication that the relationships
between the explanatory factors and poverty are unlikely to be uniform across regions, making
a location-aware modeling approach relevant.
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Figure 3. Choropleth map of poverty distribution across 176 KTI regencies, 2025

2. Preliminary Tests

The Ramsey RESET test indicated nonlinear relationships for HDI, GRDP per capita, and
population density, while OUR appeared linear (Table 3). Because at least some covariates
departed from linearity, a flexible spline-based specification was justified. Classical assumption
checks further supported a geographically weighted treatment: the spatial heterogeneity test
confirmed significant non-stationarity, indicating that a single global model would be
inadequate and that local estimation was warranted.

Table 3. Ramsey RESET Linearity Test

Variable F-statistic p-value Conclusion
X1 7.6630 0.000649 Nonlinear
X, 0.4493 0.638800 Linear

X3 20.1024 0.000000 Nonlinear
X, 12.7450 0.000007 Nonlinear

3. Spline Specification and Bandwidth Selection

Evaluation of the GCV criterion yielded an optimum order m* = 2 with r* = 1 knot for every
covariate, producing a minimum GCV of 29.4067. Each covariate was therefore modeled with a
second-order truncated spline with one knot. Under the adaptive scheme, four kernels were
compared; the Exponential kernel achieved the smallest CV (21.2659) at a bandwidth of 17
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nearest regencies (Table 4) and was thus adopted both for GWSNR and as the kernel within the
MS-GWSNR backfitting algorithm.

Table 4. Kernel and Optimum Bandwidth Selection

Kernel Bandwidth (regencies) (W%

Exponential 17 21.2659
Gaussian 24 21.9420
Bisquare 104 22.5809
Tricube 106 22.5981

4. GWSNR and MS-GWSNR Estimation

The single-bandwidth GWSNR model (Exponential kernel, bw = 17) explained 87.54% of
the variation in poverty (RSS = 1716.7862; RMSE = 3.1232) and provided the initial values for
the backfitting algorithm. The MS-GWSNR backfitting converged at the 160th iteration with a
final SOC of 9.96x107°, below the 107> tolerance, with the SOC decreasing consistently across
iterations. The resulting component-specific bandwidths ranged from 10 to 175 nearest
regencies (Table 5). The intercept, HDI, OUR, and population density had small bandwidths
(10-14), indicating locally varying relationships, whereas GRDP per capita had a markedly
larger bandwidth of 175, indicating a broad, nearly homogeneous effect. This contrasts sharply
with GWSNR, which forced all components onto a single scale of 17.

Table 5. Optimum Bandwidth and ENP per Component (MS-GWSNR)
Component MS-GWSNRbw  GWSNR bw ENP

Intercept 10 17 13.168
X 14 17 17.771
X, 10 17 27.579
X3 175 17 4.236
Xy 14 17 18.024

The ENP values confirmed the inverse relationship with bandwidth: OUR, with the smallest
bandwidth (10), had the highest ENP (27.579), while GRDP per capita, with the largest
bandwidth (175), had the lowest ENP (4.236). The total model ENP was 80.7785. Because each
spline basis is estimated locally through geographic weighting, the effective number of
parameters can greatly exceed the number of basis functions when the bandwidth is small. The
large dispersion of ENP across components provided empirical support for a multiscale
approach, since the single-bandwidth assumption of GWSNR cannot accommodate such scale
differences. The score-of-change decreased monotonically across iterations and the backfitting
algorithm converged at the 160th iteration (final SOC = 9.96 x 107, below the 107° tolerance).

5. Local Significance of Components

Because estimation is local, each component produced 176 location-specific values and t-
statistics. Using the model degrees of freedom (df = 176 — 80.7785 = 95.2215) and an error
standard deviation of 4.04339, the critical value at the 5% level was 1.9853. Table 6
summarizes the distribution of component values and the share of locations at which each
component was significant. The intercept was significant everywhere, HDI in 89.8% of
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locations, population density in 44.9%, while OUR and GRDP per capita were significant in only
5.1% and 4.5% of locations, respectively.

Table 6. Component Summary and Share of Significant Locations (MS-GWSNR)

Component Min Median Max Mean SE Sig. (%)
Intercept 12.2121 14.2643 19.9701 0.6912 100
X -9.1466 -0.5992 11.4644 0.7144 89.8
X, -7.9386 -0.0835 5.4724 0.9793 5.1
X3 -1.6265 -0.1666 1.2997 0.4430 4.5
X, -3.2181 -0.6800 5.4105 0.7863 44.9

6. Model Comparison

Table 7 compares the goodness of fit of the three multiscale and spline variants. MS-GWSNR
achieved the best fit on all measures, with the lowest RSS (1556.780), the highest R? (88.70%),
and the lowest RMSE (2.9741). Reading the table along its two design axes is informative.
Moving from MGWR to MS-GWSNR isolates the effect of adding spline flexibility while holding
the multiscale structure fixed: the RSS fell from 1971.269 to 1556.780 and R? rose from 85.69%
to 88.70%, indicating that the nonlinear component contributes materially beyond what a
linear multiscale model captures. Moving from GWSNR to MS-GWSNR isolates the effect of
adding multiscale bandwidths while holding the spline form fixed, with a further reduction in
RSS from 1716.786 to 1556.780. Both contrasts favor MS-GWSNR, supporting the view that the
two ingredients are complementary rather than redundant.

Table 7. Goodness-of-Fit Comparison of MGWR, GWSNR, and MS-GWSNR

Model RSS R? (%) RMSE
MGWR (multiscale, linear) 1971.269 85.69 3.3467
GWSNR (single bandwidth, spline) 1716.786 87.54 3.1232
MS-GWSNR (multiscale, spline) 1556.780 88.70 2.9741

Two qualifications keep this comparison honest. First, the gains in fit come with greater
model complexity, since MS-GWSNR estimates a larger effective number of parameters than the
linear MGWR; the choice between them therefore depends on whether the analytical goal is
parsimony or a richer description of spatial and functional structure. Second, MGWR was
estimated through a separate implementation (the GWmodel package) rather than the
backfitting framework used for MS-GWSNR, so the comparison should be read as a benchmark
against a standard tool rather than a controlled ablation. The strongest independent
justification for the spline component does not rest on these fit metrics at all but on the Ramsey
RESET results, which identified nonlinear relationships in three of the four covariates before
any model was fitted.

A noteworthy point of agreement strengthens the multiscale finding: MGWR and MS-
GWSNR, despite differing in functional form and implementation, independently identified
GRDP per capita as a near-global process (optimum bandwidth of 174 and 175 nearest
regencies, respectively) while assigning local bandwidths to the remaining covariates. The
recovery of the same spatial-scale structure by two distinct methods indicates that this
structure is a property of the data rather than an artifact of a single model. This pattern is
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consistent with multiscale poverty studies elsewhere, such as in Hubei Province, China, which
likewise report that broad geographical and economic-endowment factors tend to have global
effects, while social-informatization and institutional determinants act more locally (Liu et al.,
2023). The following are paired spatial-contribution maps for GRDP per capita and population
density, as shown in Figure 4.
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Figure 4. Paired spatial-contribution maps for GRDP per capita and population density under

(a) GWSNR and (b) MS-GWSNR

Maps of the spatial contribution of each covariate made the difference clearer. For GRDP per
capita in particular, the GWSNR model's local coefficients exhibit a wide and unstable variation,
ranging from -5.45 to 4.81 (Figure 4a), where the most pronounced negative contributions are
clustered in Sulawesi, while the largest positive impacts are observed in NTT and Papua. This
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pattern reflects a scale mismatch, where the fixed bandwidth of GWSNR forces GRDP per capita
to be modeled locally, resulting in erratic estimates. In contrast, the MS-GWSNR model (Figure
4b) drastically compresses this variation, with almost all regions displaying a narrow
contribution range close to zero. This massive reduction in variance provides the strongest
evidence that GRDP per capita operates at a global scale, as confirmed by its optimum
bandwidth of 175 and the smallest ENP of 4.236. When GRDP per capita is modeled at its
appropriate scale, its effect on poverty proves to be relatively minor and homogeneous across
Eastern Indonesia (KTI). Ultimately, these results confirm that the principal advantage of MS-
GWSNR is not only a better overall model fit but also more stable, realistic, and interpretable
local estimates.

7. Interpretation of Determinants

The four determinants operate at distinct spatial scales. HDI was the dominant, locally
varying factor (bandwidth 14, ENP 17.771), significant in 89.8% of regions with a negative
median component, so higher human development was generally associated with lower
poverty, though its strength varied spatially (range -9.15 to 11.46). Population density was also
local (bandwidth 14, ENP 18.024) and significant in 44.9% of regions, with both direction and
magnitude differing across space. OUR had the smallest bandwidth (10) and the highest ENP
(27.579), a highly local pattern, yet was significant in only 5.1% of regions with a near-zero
median. GRDP per capita behaved oppositely, operating near-globally (bandwidth 175, ENP
4.236) and significant in only 4.5% of regions, so its influence on poverty was weak and
relatively homogeneous. These scale differences justify a multiscale approach in which each
covariate is estimated at its most relevant spatial scale, consistent with the broader spatial-
poverty literature in Indonesia that reports locally varying determinants (Ola et al., 2024;
Saifudin et al., 2025).

The dominance of HDI is consistent with Ola et al. (2024), who similarly found school
participation and access to basic services among the most frequently significant local
determinants of poverty in Nusa Tenggara Timur. The weak and highly localized significance of
OUR is consistent with Lumbantoruan et al. (2023), who similarly found that the
unemployment rate had no significant effect on poverty at any location in Papua, suggesting
that conventional unemployment measures may be a persistently weak predictor of poverty
across KTI regardless of the specific spatial modelling approach used.

The local scale of HDI and population density is consistent with the fact that education,
health, and infrastructure services are administered and delivered at the district level, so their
influence on poverty is inherently bound to local institutional capacity; this implies that human
development interventions are best designed and evaluated district by district rather than
through uniform national targets. The near-global scale of GRDP per capita, in contrast, reflects
the diffuse nature of macroeconomic growth, which spreads through inter-regional trade and
fiscal transfers rather than remaining confined to the district where it is generated; this
suggests that GRDP-focused growth policies alone are unlikely to be an effective lever for
poverty reduction in KTI, as their effect is both weak and spatially homogeneous. The highly
local yet largely insignificant effect of OUR points to a similar caution: conventional open-
unemployment measures may inadequately capture labor market conditions in regions where
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informal employment dominates, a limitation worth accounting for in future poverty-
alleviation targeting.

Several limitations should be acknowledged. First, the backfitting algorithm required 160
iterations to converge, and its computational cost may become prohibitive for larger datasets
or finer spatial resolutions than the 176 regencies analyzed here. Second, the estimated spatial
scales are conditional on the kernel function and bandwidth-selection criterion (CV) used in
this study; alternative criteria or kernel forms could plausibly yield different bandwidth
estimates, and the sensitivity of the multiscale structure to these choices was not formally
assessed. Third, the cross-sectional nature of the data means the model captures a single
snapshot of spatial heterogeneity in 2025 and cannot account for how these spatial scales might
shift over time as regional economies and infrastructure develop.

D. CONCLUSION AND SUGGESTIONS

Applying MS-GWSNR to the 2025 poverty rate across 176 regencies of Eastern Indonesia
showed that the determinants of poverty operate at distinct spatial scales. The optimum
bandwidths ranged from 10 to 175 nearest regencies, with the intercept, HDI, OUR, and
population density behaving locally (bandwidth 10-14) and GRDP per capita behaving globally
(bandwidth 175). HDI was the dominant determinant, significant in 89.8% of regions and
generally associated with lower poverty, followed by population density (44.9%), whereas OUR
and GRDP per capita were significant in only 5.1% and 4.5% of regions, respectively. MS-
GWSNR achieved the best fit among the compared models, improving on both the linear
multiscale MGWR (R? 85.69%, RMSE 3.3467) and the single-bandwidth GWSNR (R? 87.54%,
RMSE 3.1232) to reach an R? of 88.70% and an RMSE of 2.9741. Importantly, MGWR and MS-
GWSNR independently recovered the same spatial-scale structure, with GRDP per capita near-
global and the other covariates local, indicating that this structure reflects the data rather than
a single model.

Beyond these empirical results, the principal contribution of this study is methodological:
MS-GWSNR is, to our knowledge, the first model to jointly accommodate multiscale spatial
heterogeneity and nonlinear functional form within a single nonparametric framework, and its
application here is the first to characterize poverty determinants across the whole of KTI rather
than a single province. The gains in fit come with greater complexity, so the contribution of MS-
GWSNR is best understood as offering a richer and more faithful description of spatial
heterogeneity and nonlinear structure rather than a uniformly superior alternative. These
findings suggest that policy responses to poverty in KTI should be differentiated according to
the spatial scale at which each determinant operates, with particular emphasis on human
development.

Future work may extend MS-GWSNR to a spatio-temporal setting to capture how these
spatial scales evolve over time, develop bootstrap-based or other formal inference procedures
for testing whether a covariate's bandwidth is statistically distinguishable from purely local or
purely global, evaluate the sensitivity of the results to alternative missing-data imputation
strategies such as multiple imputation or model-based approaches, benchmark MS-GWSNR
against alternative nonparametric spatial approaches such as spatially varying coefficient
models estimated via generalized additive models or spatial machine-learning methods, and
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apply the model to other domains, such as housing markets and environmental health risk,
where nonlinear and multiscale properties have been documented independently but not yet
jointly modelled.
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