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Abstract

Childhood stunting remains a major public health concern in low- and middle-income countries, with persistent sub-national dispar-
ities. This study examined spatially varying associations between Height-for-Age z-scores (HAZ) and selected child, maternal, and
household factors, and compared Geographically Weighted Regression (GWR), Multi-scale GWR (MGWR) and Geographically
Neural Network Weighted Regression (GNNWR) in their ability to capture spatial heterogeneity and non-linearity. We analysed data
from a cross-sectional survey conducted in December 2021 in the Northern Province of Rwanda. The survey covered 615 house-
holds, with analyses performed for 601 children aged 1-36 months. After imputation, multicollinearity screening, and feature selec-
tion, HAZ was modelled using Ordinary Least Squares (OLS), GWR, MGWR and GNNWR. Model performance was assessed using
coefficient of determination (R?), Root Mean Square Error (RMSE), Akaike Information Criterion/AIC Corrected (AIC/AICc), and
Moran’s I of residuals. Overall stunting prevalence was 27.1%. Spatially varying associations were observed for child age, sex, birth-
weight, underweight status, selected childcare practices, maternal support, and household living conditions. GNNWR achieved the
best training performance (R* = 0.66; RMSE=0.74) followed by MGWR (R* =0.51; RMSE=0.88) and GWR (R? =0.43;
RMSE=0.95). Validation performance declined for all models, although GNNWR retained a higher validation (R*=0.28) with neg-
ligible residual spatial autocorrelation (Moran’s /=—0.005). GNNWR provided the strongest overall fit among the compared models
and highlighted local spatial variation in associations with HAZ. However, the modest validation performance indicates that the find-
ings should be interpreted cautiously. The workflow offers a portable framework for analysing DHS-like geocoded household

datasets, but broader applicability should be assessed using spatial cross-validation, and sensitivity analyses.
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Introduction

Childhood stunting remains a significant global public health
challenge, particularly in low- and middle-income countries. In
2022, approximately 148.1 million of children under five years of
age were stunted, with a global prevalence of 22.3% (Benjamin-
Chung et al., 2023; UNICEF et al., 2023). Stunting, defined as a
Height-for-Age z-score (HAZ) 2 Standard Deviations (SDs) below
the World Health Organization (WHO) Child Growth Standards
median, reflects impaired linear growth resulting from chronic or
recurrent under-nutrition (WHO, 2006). Studies have shown that
childhood stunting is closely associated with poor maternal and
child health, low birth-weight, recurrent childhood illness, inade-
quate feeding and care practices, food insecurity and inadequate
household water, sanitation and hygiene conditions (Black et al.,
2013; Vaivada et al., 2020; Mertens et al., 2023; UNICEF et al.,
2023). Its impacts extend beyond immediate health issues, with
lasting effects on cognitive development, educational attainment,
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economic productivity in adulthood and overall human capital
accumulation (Black et al., 2008; Victora et al., 2008; Perkins et
al., 2017; Mertens et al., 2023). Despite notable global progress in
reducing stunting rates, substantial spatial disparities persist within
individual countries, highlighting the need for context-specific and
targeted strategies (Amegbor et al., 2020; Osgood-Zimmerman et
al., 2018; Ssentongo et al., 2021; Amir-ud-Din et al., 2022;
Uwiringiyimana et al., 2022; Kuse & Debeko, 2023; ).

These persistent, within-country disparities mean that national
averages alone are insufficient for guiding effective interventions.
Understanding where child linear growth faltering is concentrated
and whether associated determinants vary geographically is there-
fore crucial for designing targeted interventions and allocating
resources effectively (Osgood-Zimmerman et al., 2018; Kinyoki et
al., 2020). District-level studies in India, for example, reveal signi-
ficant clustering of childhood stunting despite national progress
(Striessnig & Bora, 2020; Biswas, 2022). Similarly, geospatial
analyses in Rwanda, Mozambique and Indonesia have identified
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persistent sub-national hotspots of stunting, emphasising the limi-
tations of one-size-fits-all interventions (Eryando et al., 2022;
Kalinda et al., 2023; Tamir ef al., 2024). These findings highlight
local spatial heterogeneity in child growth outcomes and associa-
ted factors, emphasising the need for spatially explicit analyses to
inform geographically targeted public health planning.

To assess and respond to such spatial disparities, appropriate
analytical methods are needed that can go beyond global average
associations. Conventional global regression methods, such as
Ordinary Least Squares (OLS), assume spatial stationarity and
estimate a single association across the study area, potentially
overlooking significant local variations in factors associated with
child linear growth (Biswas, 2022; Seboka et al., 2022; Yi et al.,
2024). Spatial econometric models, including Spatial Lag Model
(SLM) and Spatial Error Model (SEM), incorporate spatial depen-
dencies into regression analyses, addressing spatial autocorrelation
and improving model accuracy (Puri et al., 2020; Kuse & Debeko,
2023). Similarly, exploratory spatial statistics tools like Moran’s /
and Local Indicators of Spatial Association (LISA) are frequently
used to detect spatial clustering and identify local hotspots (Khan
& Mohanty, 2018; Hailu et al., 2020; Puri et al., 2020).
Furthermore, Bayesian methods have been increasingly adapted
within spatial regression frameworks, integrating prior knowledge
and accommodating both spatial dependencies and non-linear rela-
tionships (Klein ez al., 2020; Moonga et al., 2021; Muche et al.,
2021; Uwiringiyimana ef al., 2022; Ma & Huang, 2023). However,
these approaches do not necessarily characterise how associations
vary continuously across space, which motivates the use of geogra-
phically weighted methods in this study.

Geographically weighted models allow associations to vary
across space rather than imposing a single global effect.
Geographically Weighted Regression (GWR) estimates location-
specific coefficients using a kernel-based weighting scheme, and
Multi-Scale Geographically Weighted Regression (MGWR)
extends this framework by allowing different predictors to operate
at different spatial scales (Fotheringham et al, 2017, 2003,
Comber et al., 2023). Despite these methodological advances,
GWR-based models rely on predefined kernel functions, limiting
their flexibility in modelling complex, non-linear relationships
common in spatial health data (Luo et al., 2021; Quifones et al.,
2021). Moreover, many spatial health studies continue to rely on
aggregated areal units, which are susceptible to the Modifiable
Areal Unit Problem (MAUP) and potentially obscuring important
local variations (Fotheringham & Wong, 1991; Haque et al., 2025).
Recently, hybrid approaches integrating spatial modelling and arti-
ficial neural networks have emerged to address these limitations
(Du et al., 2020). The Geographically Neural Network Weighted
Regression (GNNWR) combines the spatial interpretability of
GWR with the adaptive learning of neural networks, offering a fle-
xible way to model both local spatial heterogeneity and non-linea-
rity (Sun et al., 2022; Du et al., 2020; Siqi et al., 2023; Zhao et al.,
2024). While initial applications of GNNWR have demonstrated
potential across diverse fields such as environmental monitoring
and urban studies (Sun et al., 2022; Siqi et al., 2023), its applica-
tion in public health remains limited (Luo et al., 2021; Quifiones et
al., 2021). Applying and validating this spatial deep learning
method in the context of childhood stunting promises a substantial
methodological contribution with global public health relevance,
given the inherently complex spatial and non-linear dynamics
often observed in its determinants.

Against this background, Northern Rwanda provides a relevant
setting for examining sub-national disparities in child linear
growth, given the persistently high burden of childhood stunting
despite national progress (National Institute of Statistics of
Rwanda, Rwanda, 2021; Uwiringiyimana et al., 2022; Kalinda et
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al., 2023). Using household-level geocoded survey data, this study
had two objectives. Firstly, it examined spatially varying associa-
tions between child HAZ and selected maternal, child and house-
hold factors, with particular attention to childcare practices and
maternal social support, which have received comparatively less
attention in stunting analyses, particularly spatial analyses (Miconi
et al., 2018; Ruiz-Casares et al., 2018; Utumatwishima et al.,
2025), while household living conditions were included as well-
established factors associated with child linear growth (Black et
al., 2013; Mertens et al., 2023). Secondly, it compared GWR,
MGWR and GNNWR to assess how well these models represent
local spatial heterogeneity and non-linearity in these associations.
Within this broader set of factors, the primary analytic focus was
on proximal childcare, maternal support and household-condition
factors, while acknowledging environmental influences as impor-
tant distal determinants beyond the primary analytic scope. The
resulting analytical framework may also inform analyses of com-
parable DHS-like geocoded household datasets in other settings.

Materials and Methods

Study area

The study was conducted in the Northern Province of Rwanda,
one of the country’s four administrative provinces and the City of
Kigali. Rwanda has an estimated population of 13.2 million,
approximately 12.9% of whom are children aged 0 to 4 years
(NISR, 2021). Over the past two decades, Rwanda has made signi-
ficant progress in child health outcomes, reducing under-five child
mortality and decreasing childhood stunting by approximately
15% (Amoroso et al., 2018; NISR, 2021; Ekholuenetale et al.,
2023). Despite this national progress in child health, the Northern
Province was specifically chosen for this study due to its persisten-
tly high prevalence of childhood stunting, estimated at approxima-
tely 41%, which is substantially above the national average of 33%
(NISR, 2021). This province is administratively divided into five
districts: Musanze, Burera, Gakenke, Rulindo and Gicumbi, which
are further subdivided into 89 sectors, 414 cells and 2,744 villages.
A population-based cross-sectional household survey was conduc-
ted across the five districts in December 2021 (Figure 1).

Design and sampling technique

The target population consisted of children aged from 1 to 36
months and their mothers or guardians, who were at least 18 years
old and available to participate in the interview. A two-stage cluster
random sampling approach was used to ensure both representative-
ness and spatial distribution across the province. In the first stage,
villages were selected as primary sampling clusters using probabi-
lity proportional to size; 137 villages corresponding to 5% of all
villages in the province, were sampled. This ensured that villages
with larger populations had proportionally greater representation.
In the second stage, households were randomly selected within
each village cluster. The community health workers provided vil-
lage-specific lists of households with eligible children under three
years of age, which served as the sampling frame at this stage.
Households were then selected randomly within each village, pro-
portionate to village population density. The minimum required
sample size was calculated based on an expected stunting preva-
lence of 40% (NISR, 2021), with a 95% Confidence Interval (CI),
a significance level of 0.05 (indicative of a 5% Type I error rate),
and adjusted for a 10% non-response rate. A total of 615 house-
holds were visited, with structured interviews successfully conduc-
ted with the mothers or guardians of each eligible child.

[Geospatial Health 2026; 21:1491]



Article

Geographic coordinates were recorded for the sampled households
and used in the spatial analyses. After exclusion of 14 observations
with substantial missing data during data pre-processing, 601
records remained for analysis.

Variables

The outcome variable

The primary outcome variable was the Height-for-Age Z-score
(HAZ), a standardised measure of linear growth relative to age-
and sex-specific references from WHO growth standards (WHO,

2006). Lower, more negative HAZ values indicated poorer linear
growth and greater growth faltering. Stunting, defined as a HAZ
value below two SDs from the reference median (Benjamin-Chung
etal., 2023; WHO, 2006), was used for descriptive summaries and
prevalence reporting, but the regression models used continuous
HAZ as the dependent variable. Anthropometric measurements,
including height/length, weight and age were collected by trained
enumerators according to standard procedures, and HAZ scores
were subsequently computed. Figure 2 presents the overall and
district-level distribution of HAZ within the study population.
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Figure 1. Map of the study area, the Northern Province of Rwanda.
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Figure 2. District-level and overall distributions of height-for-age z-scores (HAZ). (A) Boxplots showing the distribution of children’s
HAZ by district (Rulindo, Gicumbi, Gakenke, Burera, and Musanze). (B) Histogram of the overall HAZ distribution across all districts.
The vertical red dashed line marks the stunting threshold (HAZ = —2), while the grey dotted line indicates the overall mean HAZ.
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Explanatory variables

The explanatory variables included in this study were selected
based on conceptual relevance and empirical evidence on factors
associated with child stunting (Black et al., 2013; Benjamin-Chung
et al., 2023; Mertens et al., 2023). Child health factors such as age
in months, sex, birth weight, underweight status, multiple births
and current breastfeeding practices were included due to their esta-
blished influence on early childhood nutrition (Dusingizimana et
al., 2021; Quamme & Iversen, 2022; Mertens et al., 2023).
Childcare-related indicators included the number of days the child
was left unattended for more than 1 hour within the past two weeks
and the frequency of growth monitoring during the preceding six
months. Leaving a child unattended was included as a proxy for
potential care-giving constraints, which may affect feeding regula-
rity and child supervision (Ruiz-Casares et al., 2018; Daelmans et
al., 2021). Although childcare-related deprivation is recognised in
maternal and child nutrition frameworks (WHO et al., 2018;
Daelmans et al., 2021), direct indicators of inadequate supervision
remain relatively limited in stunting analyses. The variable was
therefore included to assess whether this underexplored aspect of
care-giving was associated with HAZ in the present setting.
Maternal social support was represented by mothers’ access to
reliable food assistance, and practical help in resolving personal
problems. Household-level factors included the availability of
hand-washing facilities as a proxy for hygiene standards within the
household, access to electricity reflecting the household ability to
access to basic amenities, the size of owned farmland and the

ownership of a home-garden (or kitchen-garden) which are indica-
tive of the household’s capacity for food production, and availabi-
lity of milk for consumption in the household. Although environ-
mental factors such as rainfall and elevation are commonly incor-
porated into spatial analyses of nutritional outcomes, they were not
included in the primary analysis, consistent with the study’s focus
on proximal childcare, behavioural, maternal support and house-
hold-condition factors. The descriptions of the study variables are
provided in Supplementary Table SI. Descriptive statistics for
these variables, stratified by children’s stunting status, are presen-
ted in Supplementary Table S2.

Analytical approach

Figure 3 outlines the methodological framework adopted in
this study. The workflow begins with study design, spatial sam-
pling and data pre-processing, including cleaning, multicollineari-
ty screening by using the Variance Inflation Factor (VIF), imputa-
tion of missing values and feature selection. We then conduct
exploratory spatial data analysis and estimate a global OLS model,
with spatial autocorrelation assessed using Moran’s /.
Subsequently, three local spatial models: GWR, MGWR and the
proposed GNNWR are fitted and evaluated. Model performance is
compared using the coefficient of determination (R?), adjusted R?,
Akaike Information Criterion (AIC), corrected AIC (AICc), root
mean square error (RMSE) and residual spatial autocorrelation
diagnostics. The final outputs include maps of locally estimated
coefficients, intended to support geographically targeted policy
and interventions.
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Figure 3. Methodological framework and analytical workflow.
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Data pre-processing

The raw dataset included 615 observations and a wide range of
potential explanatory variables covering child health, nutritional
status, childcare practices, maternal health and support, maternal
experiences of violence, household socioeconomic conditions as
well as sanitation and agricultural factors. Rigorous data pre-pro-
cessing ensured data quality, completeness, and analytical robu-
stness. Observations with significant missing data (14 households,
~2%) were excluded, reducing the dataset to 601 observations.
Explanatory variables with more than 3% missing data were remo-
ved, while remaining missing values were imputed using the
MiceForest algorithm, which uses Light Gradient-Boosting
Machines (LightGBM) and predictive mean matching for robust
imputation (Azur et al., 2011; Samuel, 2023). Several variables
related to agriculture and livestock practices were excluded due to
a high non-response rate of approximately 75%. For variables with
more than two classes (k categories), k—1 dummy variables were
created, with one category retained as the reference level to avoid
multicollinearity. A multicollinearity assessment using VIF dia-
gnostics led to the exclusion of variables with values greater than
10 (James et al., 2023).

Feature selection was performed using three complementary
methods: random forest regressor-based importance scores
(Breiman, 2001; Archer & Kimes, 2008), ridge regression with L2
regularization (Wu, 2021) and forward selection regression.
Variables that consistently ranked as important across these
methods, or those strongly supported by theoretical frameworks,
were included in the final analysis. The final set of explanatory
variables was structured into coherent thematic categories, inclu-
ding child health and care factors, maternal characteristics and
household socioeconomic factors; which provided a foundation for
subsequent statistical modelling and interpretation.

Preliminary spatial data analysis

A preliminary spatial data analysis was performed to explore
spatial dependency (autocorrelation) and identify initial relation-
ships between HAZ and explanatory variables before doing a
detailed spatial modelling. Initially, we generated descriptive stati-
stics and mapped the spatial distribution of selected variables
(Figure 4). For visualisation and to facilitate the interpretation of
spatial patterns, both the distribution of explanatory variables and
model-derived spatial outputs (such as local coefficient estimates
and residuals) were aggregated within a uniform 1x1 km grid using
a zonal statistics approach. The zonal statistics and the final maps
were created using ArcGIS Pro 3.2. This level of spatial aggrega-
tion, performed specifically to enhance visual clarity, assumes
relative homogeneity of variables within each grid cell, thereby
preserving the spatial trends identified in the original point-based
analyses. All regression models (GWR, MGWR, GNNWR) were
fitted using unaggregated household-level point data recorded for
sampled households; the grid-based aggregation was used exclusi-
vely for visualisation and interpretation of spatial patterns.

Spatial dependence was quantitatively assessed using the glo-
bal Moran’s [ statistic, a common measure of spatial autocorrela-
tion indicating whether the distribution of a variable is clustered,
dispersed, or random across geographical locations (Anselin,
1995; Getis, 2007). The univariate Moran’s / tests were applied
separately to selected explanatory variables to identify their under-
lying spatial patterns. Variables with significant values indicate
spatial clustering, while non-significant results suggest a random
spatial pattern. OLS was used as initial global analytical step to
estimate average associations between HAZ and the selected
explanatory variables without considering spatial variations expli-
citly (Anselin et al., 1996). The OLS model was expressed by:
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yi= Bo+ I} B;Xy+5 Eq. 1

where y, is the outcome variable (HAZ) for observation i; X; the
J™ explanatory variable (predictor) for the i observation; 3, the
intercept; f; the regression coefficient; and ¢ the error term associa-
ted with observation 7

Negative coefficients indicate associations with lower HAZ
and poorer linear growth, whereas positive coefficients indicate
associations with higher HAZ and better linear growth. Following
OLS estimation, we assessed the model residuals for spatial depen-
dency using Moran’s /. Positive autocorrelation indicates viola-
tions of OLS independence assumptions, motivating the use of
spatially explicit methods. Lagrange multiplier tests further confir-
med the presence and type (lag or error) of spatial autocorrelation,
informing subsequent advanced spatial analyses. A SLM was sub-
sequently estimated as an additional global benchmark before fit-
ting the local spatial models. The dataset was randomly partitioned
into training (70%) and validation (30) subsets for comparative
model evaluation.

Local spatial heterogeneity models

To examine local variations in the associations between HAZ
and the selected explanatory variables, geographically weighted
regression techniques were used. Unlike global regression
methods, geographically weighted approaches explicitly allow
relationships to vary spatially, rather than imposing a single avera-
ge association for the entire study area. All local models were fitted
to unaggregated household-level point data. In all local models,
negative coefficients indicate associations with lower HAZ and
poorer linear growth, whereas positive coefficients indicate asso-
ciations with higher HAZ and better linear growth.

Geographically weighted regression

GWR enables modelling of spatially varying relationships by
estimating unique regression parameters at each observation loca-
tion based on surrounding data points. Mathematically, the GWR
model can be formulated as follows (Fotheringham et al., 2003):

¥: = Bolwv;) + Zfﬂ; (wvy) X + & Eq.2

where y; is the outcome variable at observation location 7; (u,,) the
geographical coordinates; ,(uv;) the local intercept; f(u,v;) the
local coefficient for explanatory variable X;; and ¢; the error term
at location 7.

Local coefficients are estimated through a spatial weighting
matrix defined by a kernel function that assigns greater weights to
observations closer to the focal location and lower weights to
distant observations. In this study, both fixed and adaptive bi-squa-
re kernel specifications were evaluated. For each specification, the
bandwidth was selected by minimising the AICc, allowing the nei-
ghbourhood size to be determined empirically from the data
(Leung et al., 2000). The better-fitting GWR specification was
then retained for substantive interpretation in the results.

Multi-scale geographically weighted regression

While GWR uses a single bandwidth for all predictors or
explanatory variables, MGWR extends this approach by allowing
each predictor variable to have a distinct bandwidth (Fotheringham
et al., 2017). MGWR model is specified as:

¥ = Bolww,) + Efﬂaw, (w;v) X+ &; Eq.3
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Figure 4. Spatial distribution of selected explanatory variables in the Northern province of Rwanda. Geocoded household point data were
aggregated using 1 x 1 km grid. For categorical variables, mapped values represent within-area proportions; for continuous variables, they
represent area-level means. All regression models were fitted to household-level point data.
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where bw,, is the bandwidth explicitly optimised for each explana-
tory variable Xj. In this study, MGWR optimally determines indi-
vidual bandwidths for each predictor through an iterative back-fit-
ting procedure guided by the AICc. This approach allows the
model to distinguish between associations that vary over relatively
broad spatial ranges and those that vary more locally, thereby pro-
viding a more flexible representation of multi-scale spatial hetero-
geneity in the outcome variable (HAZ).

Geographically neural network weighted regression

While GWR and MGWR effectively capture spatial heteroge-
neity through location-specific coefficients, their dependence on
predefined kernel functions limits their ability to model complex,
non-linear spatial relationships between predictors and the outco-
me variable. To overcome this limitation, we used GNNWR, a
method that leverages the flexibility of artificial neural networks to
learn spatially adaptive weights directly from the data, thus captu-
ring complex, non-linear spatial variations (Du er al., 2020).
GNNWR improves upon conventional geographically weighted
approaches by using a Spatially Weighted Neural Network
(SWNN) to compute spatially varying regression coefficients.
Particularly, the local regression coefficients in GNNWR are obtai-
ned by multiplying globally estimated OLS coefficients by neural-
network-generated non-stationary spatial weights, as follows:

By = Wy XB; Eq. 4

where By is the spatially varying coefficient for the j, explana-
tory variable at observation location i; f3;the global coefficient esti-
mate from the initial OLS regression (as shown in Eq.1); and W}
the non-stationary spatial weight computed or learned adaptively
by the neural network, varying according to each observation’s
spatial context. In contrast to GWR and MGWR, where spatial
weights are explicitly defined through kernel functions, spatial
weights W, in the GNNWR model are implicitly learned from the
data using a neural network. The neural network captures spatial
relationships based on spatial distances d; between observation
locations. These spatial distances, representing the distance from
observation location 7 to all other sample points, serves as inputs to
the SWNN, processes these inputs through multiple hidden layers
to produce output weights tailored to each explanatory variable at
each observation location, as follows:

w; = W(u,v;) =SWNN([d;,d;, 'din]r) Eq. 5

where [d;, d,..., d,]” represent the spatial distances from the
observations point and other sample observations. The GNNWR

model is defined as:

yi=woluwy) X Bo,,  + Ef w; (ww,) xXB;  X;+g Eq. 6

where w; (1,v;) represents the non-stationary spatial weights of the
OLS coefficients f; ;.

The SWNN architecture implemented in this study comprises four
hidden layers, each using batch normalization, a parametric recti-
fied linear unit (PReLU) activation, and drop-out techniques (He et
al., 2015; loffe & Szegedy, 2015). To further minimise overfitting,
model hyperparameters (such as learning rate, drop-out rate, and
network depth) were selected based on performance on a held-out
validation set. Early stopping was considered to avoid excessive
training (Prechelt, 1998). The complexity of the network systema-
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tically decreases across hidden layers from an initial 256 nodes
down to 15 nodes in the final output layer, matching the number of
predictors. Training was conducted using the Stochastic Gradient
Descent (SGD) optimiser with a learning rate of 0.01, drop-out rate
0f 0.2, and weight decay of 0.001 to ensure convergence and gene-
ralization to unseen data. The GNNWR approach, implemented
here using open-source neural network library (Du et al., 2020; Wu
et al.,2021), is adaptable to geocoded health datasets, allowing for
the integration of country-specific or global health factors and sup-
porting methodological transfer across contexts. Performance of
the GWR, MGWR and GNNWR models was evaluated and com-
pared using R?, adjusted R?, AIC, AICc and RMSE. Higher R?
values indicate better explanatory capability, while lower
AIC/AICc and RMSE values signify improved model fit. The spa-
tial autocorrelation in the residuals from each model was further
examined using global Moran’s [ statistics, with values close to
zero showing minimal residual autocorrelation, which indicates
minimal remaining spatial dependence after modelling. By compa-
ring these geographically weighted models, the analysis aimed to
characterise locally varying associations between the selected
variables and child HAZ, with the broader goal of informing targe-
ted public health interventions. The GWR and MGWR models
were implemented using the mgwr Python package (Oshan ef al.,
2019), while the GNNWR model was developed using the gnnwr
package, a PyTorch-based implementation for spatially weighted
neural network regression (Du et al., 2020; Wu et al., 2021).

Results

Initial findings from the exploratory data analysis

Among 601 children aged 136 months surveyed in the
Northern Province of Rwanda, the overall prevalence of stunting
(HAZ <2 SD) was 27.1%. Stunting rates varied by district,
Musanze had the highest proportion of stunted children (31 of 96
children; 32%) and the lowest median HAZ (—1.63), whereas
Rulindo had the lowest proportion of stunted children (22 of 101
children; 22%) and the highest median HAZ (—1.295).
Supplementary Table S2 shows clear unadjusted differences betwe-
en stunted and non-stunted children. Compared with non-stunted
children, stunted children were older on average (22 months com-
pared with 16 months), had lower mean birth-weight (3,045 g
compared with 3,247 g), and were more often underweight (19.6%
compared with 2.1%). They also were more likely to live in hou-
seholds without electricity (74.8% compared with 57.8%) and
without a hand-washing facility (95.7% compared with 85.8%).
Maternal food support and help with personal problems were also
less favourable among stunted children, although these differences
were smaller. By contrast, days left unattended (>1 hour) and far-
mland size differed little between the groups, whereas growth
monitoring was slightly more frequent among stunted children,
possibly reflecting greater service contact among children already
at higher nutritional risk. Considering that Supplementary Table S2
presents unadjusted comparisons by binary stunting status, these
findings should be interpreted as exploratory rather than as direct
equivalents of the adjusted regression coefficients for continuous
HAZ. Figure 4 shows the spatial distribution of selected explana-
tory variables, and Supplementary Table S3 provides district-level
summaries.

Global regression analyses

The OLS model explained approximately 34% of the variance
in HAZ (R?= 0.34; F-statistic: 14.6, p<0.001). Table 1 presents the
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Figure 5. Aggregated local coefficient maps from the GWR model for selected predictors, Northern Province of Rwanda. Red tones indi-
cate more negative coefficients, blue tones more positive coefficients, and pale tones coefficients closer to zero.
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estimated OLS coefficients, standard errors and p-values conside-
ring that the outcome variable, HAZ, was analysed as a continuous
measure of child linear growth rather than as a binary stunting indi-
cator. Negative coefficients indicate associations with lower HAZ
and poorer linear growth, whereas positive coefficients indicate
associations with higher HAZ and better linear growth.
Accordingly, lower HAZ reflects greater growth faltering and a
higher likelihood of stunting. Variables negatively associated with
HAZ included child age (, male sex (f=—0.152, p<0.001), being
underweight (p=—0.376, p<0.001), twin or triplet birth (3=—0.103,
p<0.018), lack of maternal emotional support (f=—0.142,
p<0.004), absence of electricity (B=—0.125, p<0.004), inadequate
sanitation facilities (f=—0.113, p<0.011), absence of kitchen gar-
dens (p=—0.107, p<0.017), and ownership of farmland larger than
one hectare (3=—0.114, p<0.010). Positive associations with HAZ
were observed for birth weight (8=0.175, p<0.001), no longer
being breastfed (f=0.145, p<0.013), and leaving a child unattended
(B=0.096, p<0.037). Growth monitoring, no food support, and no
milk consumption were not statistically significant in the OLS
model. Spatial autocorrelation in OLS residuals was detected, as
indicated by significant Moran’s [ statistics, prompting the use of
spatial regression models. SLM was also fitted, yielding a modest
improvement in pseudo R?(0.35) compared to the OLS model.

Local spatial heterogeneity analysis

Geographically weighted regression (GWR ) and multi-
scale GWR (MGWR)

The GWR model used an adaptive and fixed bandwidth kernel
functions, with the adaptive kernel achieving better training model
fit (R*=0.43; RMSE = 0.95), whereas the fixed-kernel GWR sho-
wed slightly better internal validation performance (R*=0.24 com-
pared to R>=0.19). The local coefficient summaries reported in
Table 2 correspond to the adaptive-bandwidth GWR and the
MGWR models. MGWR improved on adaptive-bandwidth GWR
in training performance (R*=0.51; RMSE=0.88) and identified pre-
dictor-specific spatial scales. In both models, mean local coeffi-
cients for age of the child, male sex, being underweight, twin or tri-
plet birth, lack of maternal personal support, growth monitoring,
no hand-washing facility, no access to electricity, absence of a kit-

Table 1. Results for Ordinary Least Squares (OLS) regression.

chen garden, farmland size greater than 1 ha, and no milk consum-
ption were negative, indicating associations with lower HAZ. By
contrast, birth-weight, no longer being breastfed, and leaving a
child unattended showed positive mean coefficients in both
models. MGWR model identified predictor-specific spatial scales,
with the greatest local variability observed for no longer being
breastfed (SD=0.124) and farmland size greater than 1 ha
(SD=0.130). Figure 5 and Figure 6 show the spatial distributions
of GWR and MGWR local coefficients, respectively. In both figu-
res, local coefficients are displayed using a diverging colour scale,
with red-orange tones indicating more negative coefficients, blue
tones indicating more positive coefficients, and pale tones indica-
ting coefficients closer to zero

Geographically neural network weighted regression
(GNNWR)

Among the evaluated models, GNNWR demonstrated the
highest explanatory performance on the training dataset, achieving
an R? = 0.66, AIC = 981, AICc=1001, and RMSE = 0.74, . When
evaluated on the validation dataset, the GNNWR model yielded an
R?=0.28 and RMSE=1.07, indicating a modest out-of-sample per-
formance than in the training data. Table 3 presents the summary
statistics of the estimated GNNWR local coefficients for each pre-
dictor. For instance, the age of the child and being underweight
were consistently negatively associated with HAZ across the study
area (age: mean coefficient —0.585, range —0.838 to —0.294; being
underweight: mean coefficient —0.378, range —0.533 to —0.291).
Most other predictors showed spatially mixed associations, with
local coefficients crossing zero. Mean coefficients remained posi-
tive for birth-weight (0.165), no longer being breastfed (0.122),
child left unattended (0.121), and no food support (0.026), and
negative for male sex (—0.078), twin or triplet birth (—0.083),
growth monitoring (—0.091), lack of support with personal pro-
blems (—0.166), no hand-washing facility (—0.099), no access to
electricity (—0.088), absence of a kitchen garden (—0.089), far-
mland size greater than 1 ha (—0.085), and no milk consumption
(—0.053). Figure 7 presents maps of the spatial distribution of
GNNWR coefficients for the selected predictors, where darker
colours indicate areas with higher magnitude coefficients, revea-
ling clusters of stronger positive associations.

PREDICTOR Coefficient Standard error P
Intercept -1.378 0.043 0.000*
Age of the child -0.549 0.060 0.000*
Child sex (male) -0.152 0.044 0.000*
Birth-weight 0.175 0.045 0.000*
Underweight (yes) -0.376 0.044 0.000*
Twin or triplet -0.103 0.044 0.018*
No longer breastfed 0.145 0.058 0.013*
Child left alone more than 1 hour 0.096 0.046 0.037*
Number of times of growth monitoring -0.064 0.045 0.153
No food support 0.071 0.049 0.141
No support with personal problems -0.142 0.049 0.004*
No hand-washing facility -0.113 0.044 0.011*
No access to electricity -0.125 0.044 0.004*
Without a kitchen garden -0.107 0.044 0.017*
Farmland > than 1Ha -0.114 0.044 0.010*
No milk consumption -0.085 0.046 0.063

* Statistically significant at the 0.05 level.
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Figure 6. Aggregated local coefficient maps from the MGWR model for selected predictors, Northern Province of Rwanda. Red tones
indicate more negative coefficients, blue tones more positive coefficients, and pale tones coefficients closer to zero.
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Figure 8 shows the actual spatial distribution of aggregated
observed HAZ, the predicted HAZ by the GNNWR model and the
residuals of the GNNWR model across the study area. The residual
spatial autocorrelation, as measured by global Moran’s I, was
minimal in the GNNWR model (Moran’s / = —-0.0051, p = 0.89),
indicating that the spatial structure of the data was adequately
accounted for by the model.

Comparative assessment of the local spatial models

Among the three spatial modelling approaches, the GNNWR
achieved the best performance on the training set, explaining
approximately 66% of the variability in HAZ values with the smal-
lest AIC value (R* = 0.66, RMSE = 0.74, AIC = 981). In compari-

son, MGWR attained moderate accuracy (R*=0.51, RMSE = 0.88,
AIC = 1268), while GWR performed least effectively (R* = 0.43,
RMSE = 0.95, AIC = 1288). This indicates that GNNWR captured
more effectively non-linear and location-specific variations in the
relationships between HAZ and selected predictors than the ker-
nel-based models. Despite a relatively low validation with R* =
0.28, the GNNWR model demonstrated the strongest generalisa-
tion performance among the evaluated models. These results sug-
gest that, while caution is warranted in interpreting the absolute
level of explained variance, GNNWR represents a valid alternative
to conventional spatial models, particularly in applications where
modelling both spatial heterogeneity and non-linearity is critical.
Table 4 summarises the accuracy metrics for all models. Notably,

Table 2. Summary statistics (mean and standard deviation) for parameter estimates from the investigated models, using the bi-square ker-
nel with an adaptive weighting function and respective optimal bandwidths for the predictors.

PREDICTOR Geographically Weighted Multi-scale Geographically
regression (GWR) Weighted regression (MGWR)
Mean coefficient SD Bandwidth Mean coefficient SD Bandwidth

Intercept -1.396 0.058 298 -1.389 0.153 95
Age of the child -0.604 0.098 298 -0.618 0.078 298
Child sex (male) -0.169 0.086 298 -0.167 0.094 254
Birth-weight 0.191 0.078 298 0.183 0.071 298
Underweight (yes) -0.387 0.031 298 -0.395 0.034 298
Twin or triplet -0.092 0.040 298 -0.093 0.039 298
No longer breastfed 0.195 0.099 298 0.213 0.124 129
Child left alone for more than 1 hour 0.104 0.044 298 0.106 0.049 298
Number of times of growth monitoring -0.049 0.084 298 -0.068 0.069 298
No food support 0.062 0.048 298 0.054 0.035 298
No support with personal problems -0.119 0.079 298 -0.115 0.089 231
No hand-washing facility -0.074 0.050 298 -0.065 0.049 298
No access to electricity -0.140 0.050 298 -0.151 0.055 298
Without a kitchen garden -0.092 0.061 298 -0.088 0.057 298
Farmland > than 1Ha -0.093 0.064 298 -0.089 0.130 141
No milk consumption -0.075 0.077 298 -0.082 0.099 235

Table 3. Summary statistics for local parameter estimates from geographically neural network weighted regression (GNNWR) model.

PREDICTOR Mean coefficient Minimum Maximum SD

Age of the child 0.585 0.838 0.294 0.107
Child sex (male) 0.078 0.450 0.223 0.103
Birthweight 0.165 0.233 0.394 0.113
Underweight (yes) 0.378 0.533 0.291 0.048
Twin or triplet 0.083 0.272 0.104 0.052
No longer breastfed 0.122 0.028 0.255 0.067
Child left alone more than 1 hour 0.121 0.150 0.328 0.083
Number of times of growth monitoring 0.091 0.256 0.152 0.058
No food support 0.026 0.125 0.232 0.054
No support with personal problems 0.166 0.426 0.048 0.101
No hand-washing facility 0.099 0.277 0.128 0.084
No access to electricity 0.088 0.275 0.058 0.049
Without a kitchen garden 0.089 0.246 0.036 0.060
Farmland > 1Ha 0.085 0.363 0.148 0.086
No milk consumption 0.053 0.190 0.093 0.059

SD, standard deviation.
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MGWR improved upon standard GWR by assigning predictor-
specific bandwidths, thereby better accounting for multi-scale spa-
tial heterogeneity. Conversely, the OLS model, which lacks spatial
weighting, exhibited the lowest accuracy (training R? = 0.34; vali-
dation R? = 0.25).

The residual spatial autocorrelation diagnostics (Global
Moran’s / statistics) indicated minimal residual spatial autocorrela-
tion across all models, particularly for GNNWR, confirming effec-
tive handling of spatial dependencies (Table 5).

Figure 9 further illustrates observed and predicted HAZ values
for each model (GWR, MGWR, GNNWR), highlighting both
accuracy and limitations. Additional residual distribution maps and
predicted HAZ maps for GWR and MGWR are available as sup-
plementary material (Figure S2).

Discussion

This study examined spatially varying associations between
child HAZ and selected maternal, child, household, and childcare
factors in Northern Province of Rwanda, and compared GWR,
MGWR and GNNWR in their ability to represent local spatial hete-
rogeneity and non-linearity. Across the evaluated models, GNNWR
provided the strongest fit on the training data and the smallest resi-
dual spatial autocorrelation, while MGWR also improved on stan-
dard GWR by allowing predictor-specific spatial scales. This pat-
tern is methodologically valid because, unlike GWR and MGWR,
GNNWR learns spatial weights through a neural-network frame-
work rather than relying solely on predefined kernels, which may
better accommodate local non-linearity alongside spatial heteroge-
neity (Du et al., 2020; Quifiones ef al., 2021; S. Wu et al., 2021). At
the same time, the validation performance of GNNWR remained
modest, indicating that the model should be interpreted as the stron-
gest-performing approach within this comparison rather than as evi-
dence of strong generalisability. Child growth faltering is a multi-
factorial process, and associations with child HAZ may vary across
places and at different levels of a predictor. Models that assume
only linear relationships may therefore miss thresholds, plateaus, or
stronger effects in particular local contexts (Du et al., 2020;
Mertens et al., 2023). Our findings indicate that lower HAZ was
consistently associated with older child age and underweight across

the study area, while male sex, twin or triplet birth, limited maternal
personal support, and poorer household living conditions also ten-
ded, on average, to be associated with lower HAZ. In particular,
lack of electricity, absence of a hand-washing facility, absence of a
kitchen garden, farmland size greater than 1 ha, and no milk con-
sumption were generally associated with poorer linear growth,
although the magnitude of these associations varied spatially. These
patterns are broadly consistent with previous spatial and multilevel
analyses in Ethiopia and Rwanda that have linked child growth fal-
tering to biological vulnerability, household deprivation, and inade-
quate living conditions (Hailu et al., 2020; Uwiringiyimana et al.,
2022; Kuse & Debeko, 2023). The positive association between
birth-weight and HAZ was likewise expected and is consistent with
broader evidence that prenatal and early-life conditions shape sub-
sequent linear growth trajectories (Benjamin-Chung et al., 2023;
Mertens et al., 2023). A number of childcare factors showed more
complex and spatially mixed associations. In particular, no longer
being breastfed, frequency of growth monitoring, and days a child
was left unattended more than 1 hour should not be interpreted as
direct protective or risk effects on child HAZ, as these observed
associations do not support causal inference. The positive average
association for no longer being breastfed is likely influenced by
child age and reverse causality, since prolonged breastfeeding may
reflect an adaptive response to smaller size or poor growth rather
than its cause (Atsbeha et al., 2015; Kramer et al., 2011; Marquis e?
al., 1997). The association with being left unattended may likewise
capture local childcare arrangements, age-related supervision pat-
terns, or broader care-giving constraints rather than a simple depri-
vation gradient. This interpretation is consistent with the limited
and still fragmented literature on child supervision in low- and mid-
dle-income settings (Miconi ef al., 2018; Ruiz-Casares et al., 2018).
The mixed local coefficients observed for several childcare and
maternal support variables underscore the importance of interpre-
ting behavioural indicators in context. A predictor may show diffe-
rent associations with HAZ in different localities because it is
embedded in different social, service, or household environments.
This is precisely where local spatial models are useful as they allow
the analysis to move beyond average associations and to identify
where a factor appears more strongly or more weakly associated
with child growth. At the same time, such local patterns require
careful interpretation, especially when reverse causality or residual

Table 4. Model performance diagnostics for the different models on training and validation datasets.

Training Validation
R’ Adjusted R’ AIC
OLS 0.34 0.32 1276 1279 1.02 0.25 1.08
GWR* 0.39 0.34 1281 1286 0.98 0.24 1.09
GWR** 0.43 0.36 1288 1303 0.95 0.19 1.13
MGWR* 0.51 0.41 1268 1299 0.88 - -
GNNWR 0.66 0.64 981 1001 0.74 0.28 1.07

R* coffecient of determination; AIC, Akaike information criterion; AICc, corrected Akaike information criterion; RMSE, root mean square error; *Fixed bandwidth kernel;

**adaptive bandwidth kernel.

Table 5. Global Moran's / statistics for residuals of the investigatedmodels indicating minimal residual spatial autocorrelation.

Models Moran's I z-score P

GWR 0.0342 1.2121 0.23
MGWR -0.0120 -0.3497 0.73
GNNWR -0.0051 -0.1432 0.89

GWR, geographically weigthed regression model; MGWR, multi-scale geographically weigthed regression model; GNNWR, geographically neural network weighted regression.
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confounding are plausible. For this reason, the coefficient maps
should be viewed as tools for identifying context-specific priorities
and hypotheses rather than as stand-alone causal evidence.

Implications for spatial health modelling and poli-
cy planning

The findings highlight the need to interpret behavioural indica-
tors within their local context and policy environment. The asso-
ciation of “unattended status” with child HAZ requires further
investigation, particularly to isolate potential contextual factors
that may confound interpretation. For instance, Rwanda’s Early
Childhood Development (ECD) policy has expanded access to
ECD centres since its implementation, though coverage remains
uneven; spatial models could help identify areas where combina-
tions of nutritional, care-giving, and environmental disadvantages
are most concentrated (Binagwaho et al., 2016, McMahan &
Sprague, 2024). Future research should explore how access to
ECD services interacts with household childcare practices to shape
nutritional outcomes, especially in areas where poor childcare
shows stronger associations with HAZ. Moreover, the demonstra-
ted performance of GNNWR highlights the potential of hybrid
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spatial models for understanding child growth outcomes and guide
targeted resource allocation. However, this study does not imply
that the mapped coefficients can be translated directly into policy
action. Rather, they provide a spatially informed starting point for
programme targeting, local validation, and deeper investigation of
contextual pathways.

Transferability and reproducibility

A practical contribution of this study is the demonstration of an
open-source workflow that can be adapted to other geocoded hou-
sehold surveys, including DHS- or MICS-like datasets. The wor-
kflow combines data quality check and imputation; exploratory
spatial data analysis, global baselines (OLS/SLM), kernel-weighted
local models (GWR/MGWR), neural network weighted local
modelling, and comparative model diagnostics using available
Python tools. Portability rests on three conditions: i) availability of
geocoded outcomes and covariates (explanatory variables) with
sufficient spatial coverage, ii) minimal multicollinearity after scree-
ning, and careful harmonisation of variable coding and interpreta-
tion. Given modest validation performance here, we recommend
spatial cross-validation and sensitivity analyses (bandwidths/ker-
nels/architecture) and possibly multi-country replication.
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Figure 8. Spatial distributions of aggregated observed HAZ, GNNWR-predicted HAZ and GNNWR residuals across the study area.
Mapped as 1 x 1 km grid-based area-level summaries for visualisation, whereas the GNNWR model was fitted to household-level point

data.
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Strengths and limitations of the study

A key strength of this study lies in its application of GNNWR,
a novel hybrid spatial modelling approach that effectively captures
both spatial heterogeneity and non-linear relationships, applied
particularly to household-level health data. This model demonstra-
ted improved predictive performance over conventional geogra-
phically weighted techniques with minimal residual autocorrela-
tion; offering valuable insights into localised drivers of child
growth outcomes through fine-scale local coefficients maps. The
side-by-side comparison (OLS, SLM, GWR, MGWR, GNNWR)
with residual spatial diagnostics strengthens inference that learned
spatial weights improve fit and reduce ‘unmodeled’ spatial structu-
re. Moreover, a globally portable workflow is proposed, using data
elements mirrored to DHS/MICS-style household surveys, and
implementation relies on open-source Python packages (mgwr,
gnnwr), enabling researcher and practitioners in other localities to
replicate and adapt the approach with comparable variables.

However, the study has also limitations. First, the analysis is
based on cross-sectional data and therefore cannot establish causa-
lity. Second, although GNNWR showed the best overall fit on trai-
ning data, the validation performance remained modest in the held-
out subset. This likely reflects the inherently multidimensional
nature of child growth faltering, which arises from interacting pre-
natal, biological, care-giving, household, and broader contextual
determinants that cannot be fully captured in a single household
survey or study; similar limits to explained variance have been
reported in other child-growth studies. Third, the deliberate focus
on proximal childcare, maternal support, and household-condition
factors meant that broader environmental and service-accessibility
influences were not included, even though they may shape child
growth indirectly. Finally, although the sample size was adequate
for the planned household survey, it remains moderate for highly
flexible local models. This reflects a practical trade-off in geoco-
ded survey research, where larger samples would strengthen local
estimation and independent validation, but household survey
design must also balance coverage, cost-effectiveness, and fiel-
dwork feasibility. The modest validation performance observed
here should therefore be interpreted partly as a consequence of
applying a flexible local model to a complex child-growth outco-
me under realistic survey constraints. At the same time, the more
flexible models still added value by revealing spatially varying and
potentially non-linear associations that simpler global models may
smooth over.

Future directions

Future research should address the limitations of the GNNWR
model and expand its applicability in spatial health modelling,
covering multi-country while leveraging DHS data. Enhancing
predictive accuracy may require incorporating additional predic-
tors, including environmental and service accessibility indicators.
Exploring alternative neural architectures, such as graph neural
networks or convolution neural networks, could improve the
model’s ability to capture complex spatial dependencies while
enhancing interpretability. To strengthen the model validation,
adopting spatial cross-validation would better assess generalisa-
tion. Further investigation is also needed to clarify the role of chil-
dcare practices in shaping nutrition outcomes. Specifically, under-
standing how access to ECD services interacts with household fac-
tors could provide critical insights for policy and intervention pro-
gram design. This is particularly relevant in areas where poor chil-
dcare practices showed stronger associations with HAZ, and where
reverse causality may obscure the interpretation of behavioural
indicators.

[Geospatial Health 2026; 21:1491]

Conclusions

Among the compared models, GNNWR provided the strongest
fit to the training data and the smallest residual spatial autocorrela-
tion, indicating that accounting for both spatial heterogeneity and
non-linearity can improve modelling of child linear growth.
However, the modest validation performance and computational
demands underscore the need for further refinement and validation
across diverse settings (with larger and more diverse datasets). The
results indicated that lower HAZ was most consistently associated
with older child age and underweight status, while several house-
hold and support-related factors also showed predominantly adver-
se associations that varied across space. These spatial patterns may
help inform geographically targeted nutrition, maternal-support,
and household-environment interventions, but behavioural indica-
tors such as breastfeeding status, growth monitoring, and child
supervision require cautious interpretation because reverse causa-
lity and contextual confounding are plausible. More broadly, the
workflow may offer a useful framework for analysing comparable
DHS-like geocoded household datasets, provided that its broader
applicability is further evaluated through spatial cross-validation,
sensitivity analyses, and replication in additional settings.
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Online supplementary materials

a. Selection of sampling units (villages) and descriptive statistics of study variables

The map below illustrates the villages (clusters) selected in the districts of the Northern Province of Rwanda based on population density. The number of
households visited and interviewed varied according to village size: 3—4 households for small villages, and 5-9 households for medium-sized and large vil-
lages.

Figure S1. Map of Selected Villages (Clusters) in Northern Province

Table S1. Description of outcome and explanatory variables used in the study

Table S2. Descriptive summary of selected explanatory variables.

Table S3. Descriptive summary statistics of study variables by district

b. Maps of predicted values and residual spatial patterns (from GWR and MGWR models)

The figure below provides additional spatial context to the main manuscript results (Section 3.4), illustrating how predictions and residual patterns differ
between the GWR and MGWR models.

Figure S2. Spatial distributions of predicted HAZ scores and residuals for the GWR and MGWR models. (a) Predicted HAZ by GWR; (b) GWR residuals;
(c) Predicted HAZ by MGWR; (d) MGWR residuals. Darker shades indicate higher residual values, highlighting spatial variability in model performance
across the study area.
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