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Abstract: While socioeconomic gradients in regional health inequalities are firmly established,
the synergistic interactions between socioeconomic deprivation and climate vulnerability within
convenient proximity and neighbourhood locations with health disparities remain poorly explored
and thus require deep understanding within a regional context. Furthermore, disregarding the
importance of spatial spillover effects and nonlinear effects of covariates on childhood stunting
are inevitable in dealing with an enduring issue of regional health inequalities. The present study
aims to investigate the spatial inequalities in childhood stunting at the district level in Pakistan and
validate the importance of spatial lag in predicting childhood stunting. Furthermore, it examines
the presence of any nonlinear relationships among the selected independent features with childhood
stunting. The study utilized data related to socioeconomic features from MICS 2017–2018 and climatic
data from Integrated Contextual Analysis. A multi-model approach was employed to address the
research questions, which included Ordinary Least Squares Regression (OLS), various Spatial Models,
Machine Learning Algorithms and Explainable Artificial Intelligence methods. Firstly, OLS was
used to analyse and test the linear relationships among selected variables. Secondly, Spatial Durbin
Error Model (SDEM) was used to detect and capture the impact of spatial spillover on childhood
stunting. Third, XGBoost and Random Forest machine learning algorithms were employed to
examine and validate the importance of the spatial lag component. Finally, EXAI methods such as
SHapley were utilized to identify potential nonlinear relationships. The study found a clear pattern
of spatial clustering and geographical disparities in childhood stunting, with multidimensional
poverty, high climate vulnerability and early marriage worsening childhood stunting. In contrast, low
climate vulnerability, high exposure to mass media and high women’s literacy were found to reduce
childhood stunting. The use of machine learning algorithms, specifically XGBoost and Random
Forest, highlighted the significant role played by the average value in the neighbourhood in predicting
childhood stunting in nearby districts, confirming that the spatial spillover effect is not bounded
by geographical boundaries. Furthermore, EXAI methods such as partial dependency plot reveal
the existence of a nonlinear relationship between multidimensional poverty and childhood stunting.
The study’s findings provide valuable insights into the spatial distribution of childhood stunting in
Pakistan, emphasizing the importance of considering spatial effects in predicting childhood stunting.
Individual and household-level factors such as exposure to mass media and women’s literacy have
shown positive implications for childhood stunting. It further provides a justification for the usage of
EXAI methods to draw better insights and propose customised intervention policies accordingly.

Keywords: regional health inequalities; childhood stunting; climate vulnerability; spatial hotspots;
machine learning; explainable artificial intelligence
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1. Introduction

In 2015, the United Nations declared the Sustainable Development Goals (Target 2.2),
with an objective of “ending all forms of malnutrition by 2030”. The first 1000 days of a
child’s life are considered crucial for mental and physical development. Good early days
are proven to be key catalysts for the overall growth of a child [1]. Therefore, a gritty and
realistic focus on reducing childhood stunting is required to comprehend the most critical
period of children’s development.

Globally, in 2019, 144 million children under the age of five years had stunted
growth. Although there has been a consistent decline in the growth of stunting since
2000 (199.5 million were stunted), the progress seems insufficient to meet the 40% reduc-
tion target by 2025 set by World Health Assembly [2].

Africa and Asia are burdened with the highest number of stunted children with
54% and 40%, respectively. Specifically, in South Asia, Pakistan bears the third-highest
childhood stunting rate followed by India. Childhood stunting has been a persistent threat
to child growth in Pakistan. Historic data on child malnutrition reveals that childhood
stunting has remained alarmingly high with minimal improvement over time. In the year
2011, the stunting rate was 44% and, despite some efforts, it only decreased slightly to
38% by 2018. Recent estimates on childhood stunting present a rather dismal picture as it
increased to 40%. These historical data suggest that the country has been grappling with
this enduring issue for an extended period of time [3].

Socioeconomic and environmental challenges such as high poverty, widespread food
insecurity, poor quality of water and inadequate sanitation facilities and stagnating agricul-
tural productivity are the major contributors to poor health outcomes and deteriorating
human capital [4]. In Pakistan, 30% of households lack adequate sanitation facilities and
more than approximately 2.1 million individuals are deprived of safe drinking water. It
has been firmly established that if the current conditions such as high poverty are not
improved, the lack of basic sanitation and safe drinking water and prevalence of diseases
would further worsen in the coming years [5].

Several studies have elucidated that illiteracy, poor sanitation facilities, lack of im-
proved drinking water, poverty and bigger household size may in part contribute to
childhood stunting. Existing literature on Lower Middle Income Countries (LIMCs) has
empathized household and individual factors as the significant contributors to childhood
stunting. In [6] it was concluded that breast feeding practices, household wealth status,
maternal nutrition and child food intake are crucial factors in determining childhood
stunting. Similarly, using a mutually adjusted logistic regression, [7] determined that in
children who were aged between 6 and 8 months, limited intake of complementary foods
and short maternal stature were significantly linked with higher risk of childhood stunting.
For children who were aged between 6 and 23 months, household wealth, maternal height,
maternal education and age at marriage were found to be significant correlates of childhood
stunting. The authors of [8] used the two recent most Indonesian Family Life Survey (IFLS)
to examine the variations in prevalence of childhood stunting between 2007 and 2014.
They revealed that household wealth status, mothers’ education, place of delivery and the
availability of sanitation facilities contribute most to childhood stunting. Furthermore, they
found that improvement in health care access significantly contributed to reducing the
stunting gap between richer and poorer children. Additionally, [9] asserted that children
from poor households with unavailability of sanitation facilities and lack of safe drinking
water were at more risk of having stunted growth.

Maternal stature and education play a crucial role in child’s development. The authors
of [10] used the fourth Indian National Family Health Survey to identify risk factors for
chronic undernutrition in India. They calculated odds ratios using logistic regression.
Based on their findings, they determined the five most vital factors for childhood stunting.
They argued that illiterate mothers, poor households, short maternal stature, poor dietary
intake and low maternal weight are the main contributing factors. These factors had a
population-attributable risk of 67.2% for stunting. Similarly, using the latest available
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Indian National Family Health Survey (2015–2016), [11] analysed the relative importance
of 23 correlates of stunting. They estimated logistic regression models to evaluate the
importance of selected predictors. Based on their results, they identified short maternal
stature as the most important contributing factor to stunting. Other key factors were poor
household status, poor air quality of households, lack of maternal education and low ma-
ternal BMI. Additionally, they found weaker associations for dietary intake, breastfeeding
and parental factors.

Maternal caretaker behaviour and early female child marriage have been identified
as risk factors for child development. The authors of [12] inspected the intergenerational
effects of early child marriage on stunting and child development in Sub Saharan Africa.
They concluded that the odds of being stunted are 29% higher for children born to women
who married before the age 18 in comparison to those women who married later in their
lives. They further examined the mechanisms through which risk of stunting increases.
They added that early child marriage is not the sole path to stunting. However, contextual
factors such as maternal education and household wealth matter for child development
and health.

In recent years, researchers have assessed the role of environmental covariates such
as rainfall, temperature, droughts and floods, etc., on stunting. A recent study by [13]
revealed that along with socioeconomic features, high climate vulnerability exacerbates
childhood stunting in comparison to low climate vulnerability. In sub-Saharan Africa
the odds ratio for child health outcomes were higher in the presence of droughts and
political instability [14]. Similarly, using multivariate regression models, authors assessed
the relationship between exposure to climate variations (rainfall and temperature) in utero
and early child development. They suggested that higher rainfall during early life bears a
negative relationship with stunting. However, higher prenatal temperatures have negative
repercussions during the early life of children and consequently lead to severe stunting.
Additionally, they identified potential pathways such as heat stress, infectious diseases
caused by climatic variations and more time devoted to work during pregnancies in dry
seasons through which the odds of stunting increase [15]. In Indonesia, a similar study was
conducted to detect the association between climate exposures and child undernutrition.
They argued that delays in monsoon rainfall during the prenatal period had an adverse
effect on child height during the early 2–4 years [16].

Lately, there has been growing recognition of integrating spatial data and geographic
factors to uncover the multifaceted nature of childhood stunting. Numerous studies have
illustrated that childhood stunting varies across regions, a term often used to describe
this phenomenon being geographical heterogeneity. For instance, spatial hotspots were
identified with high stunting rates amongst districts in the Upper West, Upper East and
Western North regions in Ghana. These districts were characterised by low access to
basic health services, high poverty levels and low educational attainment. On the other
hand, clusters with low childhood stunting were observed in the Greater Accra, Volta and
Bono regions [17]. Similarly, a study conducted in India identified 146 hot spots as high
prevalence and 130 cold spots as low prevalence districts. Districts with high stunting
rates were mostly concentrated in the states of Bihar, Jharkhand and Uttar Pradesh, while
low prevalence districts were largely observed in the states of Himachal Pradesh, Kerala,
Tamil Nadu and West Bengal. Factors such as large household size, open defecation,
female illiteracy, household poverty and unavailability of improved drinking water were
associated with higher stunting rates [18]. In Ethiopia, a similar study was conducted
which revealed a spatial dependency in childhood stunting. Districts with the highest
prevalence of childhood stunting were found in Northern Ethiopia. By leveraging logistic
regression, the authors concluded that factors such as low level of female education, poor
household wealth and older age were exacerbating stunting in the children under 5 years of
age [19]. Similarly, in another study, spatial heterogeneity was observed in Ethiopia across
locations suggesting a variation in childhood stunting. The estimates of logistic regression
indicated that children who had anaemic history, malnourished mothers, low educational
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attainment and mothers with multiple births were most likely to be severely stunted [20].
A secondary spatial analysis of the RDHS 2014–15 cross sectional data revealed that low
maternal education, non-optimal feeding practices, lack of improved water and belonging
to poor households were significant contributors to childhood stunting [21].

It is evident from the existing literature that researchers have focused mainly either
on household- or on individual-level factors. Furthermore, from the methodological
perspective, there exists a vast amount of literature which has predominantly employed
ordinary least squares or logistic regression. These methods are very well known for testing
linear relationships [22]. Spatial studies are limited to the spatial distribution of child
malnutrition rates. Rare usages of spatial models, the possible significant impact of spatial
lag component on nearby districts, and integrated spatial machine learning approaches in
the area of regional health inequalities have not yet been thoroughly explored. Additionally,
as childhood stunting is influenced by a complex interaction of multiple factors, traditional
linear models such as OLS may not adequately capture potential nonlinear relationships.
In this regard, employing Explainable Artificial Intelligence (EXAI) methods such as LIME
and SHAP could help us identify such intricate relationships, which are not identifiable
with conventional approaches. Furthermore, to best of our knowledge, no study has
been conducted to examine spatial correlates of childhood stunting for all the districts
of Pakistan. Therefore, this study attempts to quantify the possible spatial correlates of
childhood stunting for all the regions of Pakistan. This study is more comprehensive and
inclusive. Moreover, the primary focus of this research is to provide a novel methodological
perspective and implementation of spatial machine learning and EXAI methods for regional
health economics in a spatial context.

Specifically, this research aims to address these aforementioned research gaps through
(1) investigating the spatial distribution of childhood stunting in Pakistan, (2) spatial
examination of the relationships between socioeconomic, climatic features and childhood
stunting, (3) identification and validation of spatial lag using spatial machine learning
algorithms and (4) examination of nonlinear relationships using EXAI techniques.

The present study brings novelty to the recognition and validation of the significance
of spatial lag components (i.e., average value in the neighbourhood) and proposes a
methodological approach using spatial machine learning. The integrated methodology
provides additional insights to researchers and policymakers compared to conventional
statistical methods, which typically assume that effects remain stationary. Additionally,
the inclusion of climatic covariates along with other socioeconomic features could help
address the issue of sparse determinants of stunting. Understanding the relationship
between climate covariates and stunting would allow for the understanding of how climate
change might shape childhood stunting in the future. Moreover, examination of nonlinear
relationships will aid in developing targeted health intervention programs and policies for
populations with significant needs.

2. Materials and Methods

This study covered all 145 districts from all provinces (Punjab, Sindh, Kpk, Gilgit-
Baltistan), excluding ICT (Islamabad Capital Territory represented as white region), made
available in the form of shapefiles. All districts were included in the analysis. Districts were
mapped using shapefiles of Pakistan from DIV-GIS. All computations and estimations were
performed in R Studio. The following Figure 1 is the official map of Pakistan portraying all
the districts covered.
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2.1. Sampling and Data Collection

The study uses a cross-sectional dataset from multiple sources, the Multiple Indicator
Cluster Survey (MICS) and the Integrated Household Survey (ICA), which were matched
accordingly at the district level. MICS (accessed on 13 December 2023) (https://mics.unicef.
org/surveys) is an internationally recognized household survey that provides district level
estimates of more than 125 key indicators related to demographic, socioeconomic, health,
to assess the overall situation of women aged 14–49 years and children under five years
of age. The latest available MICS survey from year 2017–2018 was used in this study. A
two-stage standardized sampling approach was followed to select the survey samples from
all regions. In the first step, enumeration areas were selected from the primary sampling
units. In the second step, a household was selected from the chosen enumeration areas.
The enumeration areas were selected with unequal probability means with probability
proportional to size. The total sample was comprised of 53,480 households in 2692 cluster
samples, with a response rate of approximately 98% across all regions [23].

2.2. Variables

In this study, the outcome variable was the percentage of stunted children under
the age of five, defined by MICS as children whose height-for-age z-scores were below
minus two standard deviations. Independent features were obtained from three differ-
ent sources. Socioeconomic features, including female literacy, meaning the percentage
of women who can read a short simple statement and also attended secondary school

https://mics.unicef.org/surveys
https://mics.unicef.org/surveys
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education; premature birth rate, representing the percentage of all children who were
born before 37 weeks of pregnancy; marriage before age 15, showing the percentage of
women who got married before reaching the age of 15; multidimensional poverty (MDP),
entailing people of all age groups living in poverty; women’s exposure to mass media,
meaning the percentage of women who read a newspaper or watch any sort of electronic
media at least once per week; and full immunization, meaning the percentage of vaccinated
children, were retrieved from MICS 2018. All the abovementioned features were aggre-
gated as percentages. Additionally, district-level climate vulnerability was retrieved from
Integrated Contextual Analysis [24]. Climate vulnerability includes two primary hazards:
(1) floods and (2) droughts. Flood hazard data were retrieved from the National Disaster
Management Authority (NDMA). It reflects the total number of recorded flood events from
1950–2015. Drought data, obtained from the Pakistan Meteorological Department, are based
on multiple factors such as soil moisture, precipitation, dependency on seasonal rainfall
and drought frequency (based on Standardized Precipitation Index). All districts were
categorized into a three-point scale—low, medium and high—according to their vulnera-
bility to floods and droughts (https://reliefweb.int/report/pakistan/integrated-context-
analysis-ica-vulnerability-food-insecurity-and-natural-hazards, (accessed on 10 November
2023)). Climate vulnerability was classified into three levels: low, medium and high. Each
district was assigned a vulnerability classification based on its exposure to climate change.

2.3. Statistical Analysis

We started with an OLS estimation. In the second step, we calculated the variance
inflation factor (VIF) for all our explanatory features to assess potential multicollinearity.
The VIF value for all the independent features was below 7. In the next step, we per-
formed spatial distribution and visualization of childhood stunting. In order to test spatial
autocorrelation in childhood stunting, we used Moran’s statistic as given by (1):

I =
N

ΣiΣjωij

ΣiΣjωij(Xi − X)
(
Xj − X

)
Σi
(
Xi − X

)2 (1)

The computation of Moran’s statistic is based on the famous spatial weights matrix.
ωij in the above equation signifies the spatial weights matrix. Moran’s value is in the
range [−1, 1]. A positive value reveals a positive spatial autocorrelation and vice versa. A
positive value suggests that districts exhibit similar values to their neighbours. Furthermore,
Moran’s scatter plot was generated, which is composed of four quadrants: Hotspots
(regions with high values next to each other), Cold spots (regions with low values next to
each other) and Spatial outliers (districts with high and low values next to each other and
vice versa) [25,26].

In the presence of spatial autocorrelation in the error term, estimates from OLS are
biased and inconsistent. This allows one to employ spatial models. Therefore, after
confirming that errors were not random but spatially dependent, we employed the Spatial
Durbin Error Model (SDEM). SDEM allows us to control for spatial dependence in error
terms and examine the relationships between dependent and independent features with a
reference to the average value of independent variables in the neighbourhood. Furthermore,
it allows us to examine and evaluate whether the value from the neighbourhood matters.
The model equations are given as follows:

OLS Regression Model : y = α+ βX + ε (2)

SDEM Model : y = β0 + βX + WXθ+ u, where u = λWu + ε (3)

where y depicts the dependent variable, i.e., childhood stunting, α and β0 are both inter-
cepts, β is the regression coefficient, X entails independent variables and ε represents the
error term. In Equation (3), W is the spatial weights row standardized matrix, θ is known

https://reliefweb.int/report/pakistan/integrated-context-analysis-ica-vulnerability-food-insecurity-and-natural-hazards
https://reliefweb.int/report/pakistan/integrated-context-analysis-ica-vulnerability-food-insecurity-and-natural-hazards
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as the Durbin component, which consists of the spatial lag of explanatory features, and u is
the spatial error term that is used to capture spatial autocorrelation in the error term.

The core of this study was to examine if the average value (spatial lag) of our selected
independent features impacted childhood stunting in the nearby districts. To fulfill this
objective, we implemented an integrated spatial machine learning approach, which repre-
sents a move from explainability to forecasting [27]. We incorporated the significant spatial
lag component of Flood and Drought Vulnerability (average value from the neighbour-
hood) from the SDEM estimates and trained that feature value as an input variable into
XGBoost and Random Forest machine learning algorithms. After estimating models, we
extracted the most important features for childhood stunting. Both models have built in
feature selection methods for identifying the most important features [28]. This step was
performed to validate and identify the importance of spatial lag with the help of machine
learning algorithms.

In the last step we leveraged EXAI methods to identify the existence of nonlinear
relationships with our outcome variable. We employed these methods on the trained
machine learning algorithms to extract the desired results. In general, the main purpose of
EXAI is to offer more than the machine learning black box and explain why the algorithm
is acting the way it does. There are two main categories of EXAI techniques: SHapley
Additive exPlanations (SHAP) and Local Interpretable Model Agnostics Explanations
(LIME). Compared to LIME, SHAP gives a more holistic explanation when it comes to the
outcomes of the machine learning algorithm [29,30]. In this way, it employs a game theory
approach to determine the extent of each feature in arriving at the final prediction. In
addition, it reveals how much each feature contributes to the model and the influence of the
features on the prediction. This is carried out by assessing the relevance of the feature in the
range of all the features as opposed to the relevance of the feature in isolation. Therefore,
SHAP can help to explain how the model leverages individual features to make predictions
and consequently provide more insights into the functioning of the model [31–33].

3. Results

The spatial distribution clearly reveals patterns of local densification in childhood
stunting in Pakistan. Districts belonging to Punjab province (light shaded regions) possess
lower to moderate stunting rates. As one moves into the northeast (Kpk) and southwest
(Sindh) regions, we find a clear and visible increase in childhood stunting ranging between
33.5% and 52.3%. Furthermore, the largest province by area, i.e., Baluchistan, on the
western side of Pakistan exhibits severe childhood stunting. Figure 2 below clearly shows
the district and regional spatial diversity in childhood stunting in Pakistan.

Descriptive statistics are summarized in Table 1, which presents the severity of the
discussed issue. The average rate of childhood stunting in Pakistan (excluding ICT) was
approximately 40% with an alarming maximum value of 78.60%. Furthermore, the mean
values for other chosen measures such as multidimensional poverty stood at 40.98%, female
literacy 38.48%, premature birth rate 11.37%, full immunization 42.56%, etc. Table 1 also de-
picts the corresponding maximum and minimum values for selected independent features.

Table 1. Descriptive statistics.

Variables Mean Std. Dev. Min Max

Stunting (%) 40.33 14.95 10.10 78.60
Mean household size 7.57 2.40 3.90 19.0

Premature birth rate (%) 11.37 11.48 0.10 75.30
Full immunization (%) 42.56 24.93 13.30 85.40

Multidimensional poverty (%) 40.98 21.53 2.0 87.80
Female literacy (%) 38.48 22.86 3.50 84.70

Women’s exposure to mass media (%) 31.12 30.62 0.00 86.60
Marriage before 15 (%) 6.89 4.49 0.80 29.40
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In the next step we tested childhood stunting for spatial autocorrelation using Moran’s
statistic. The significant Moran’s value of 0.56 (p < 0.000001) confirmed a positive spatial
autocorrelation in childhood stunting, which negates spatial independence and suggests
that similar problems exist in neighbouring regions. Figure 3 shows Moran’s scatter plot
and is composed of four quadrants. Districts with low similar values are grouped together
in quadrant III. Districts with high positive values are grouped together in quadrant
I. Quadrant II and quadrant IV contain spatial outliers where high and low values are
grouped together.

Figure 4 illustrates the same thing as a scatter plot. It shows districts in green colour
with low values surrounded by similar districts (low–low regions), light shaded districts
possessing higher stunting rates and surrounded by similar districts (high–high regions)
and in between a few outliers (low–high regions).

Table 2 below summarizes the estimation results. OLS results demonstrates that
multidimensional poverty, women’s exposure to mass media, marriage before age 15, and
low and high climate vulnerability possess significant relationships with childhood stunting.
Specifically, keeping all other factors constant, on average if we observe a percentage point
(p.p) increase in multidimensional poverty, it may increase childhood stunting by 0.34 p.p.
Additionally, on average high climate vulnerability increases childhood stunting by 0.5 p.p
in comparison to medium climate vulnerability (base category). By contrast, on average,
low climate vulnerability is negatively associated with childhood stunting. Furthermore,
keeping other factors constant, if on average women’s exposure to mass media increases by
one p.p, we might observe a 0.13 p.p reduction in childhood stunting.
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Table 2. Estimation results.

Variables OLS Model SDEM Model

Female literacy −0.07 (0.07) −0.004 (0.08)
Multidimensional poverty 0.34 (0.08 ***) 0.24 (0.08 *)

Full immunization −0.08 (0.05) −0.01 (0.05)
Marriage before age 15 0.72 (0.227 **) 0.81 (0.21 **)

Women’s exposure to mass media −0.13 (0.04 **) −0.01 (0.07)
Premature birth rate 0.07 (0.07) 0.06 (0.06)
Mean household size 0.15 (0.35) −0.07 (0.32)

Flood and drought vulnerability Low −0.41 (2.20 *) −4.67 (2.32 *)
Flood and drought vulnerability High 0.51 (2.10 *) 2.08 (1.98 *)

Spatial lag
Mass media exposure −0.33 (0.09 **)

Flood and drought vulnerability High 7.06 (3.79 *)
Spatial lag-λ 0.09 (0.13)

Model diagnostics
Adjusted R-square 0.58 0.71

AIC 1065.2 1063.1

Note: Standard errors in parentheses; *** p < 0.001; ** p < 0.01; * p < 0.05;
.
p < 0.1.

SDEM estimates show that marriage before age 15 and multidimensional poverty
have significant relationships with childhood stunting. In contrast to OLS results, SDEM
results demonstrate a severe impact of high climate vulnerability on childhood stunting.
Furthermore, the significant λ value demonstrates the existence of spatial dependency
in the error term. Additionally, significant values of spatial lag (women’s exposure to
mass media and high climate vulnerability) suggest a possible impact of these features on
childhood stunting in nearby and neighbouring districts. These results confirm that the
average value from the neighbourhood of these features (spatial lag) does impact childhood
stunting not only in the given district but also in the neighbouring districts as well. In other
words, the impact of spatial lag is not geographically bounded.

Model diagnostics show that SDEM outperformed OLS estimates, as the AIC value
for SDEM is 1063 < 1065.2 (OLS AIC). The small difference in AIC values between OLS
and SDEM demonstrates that both models fit the data well, with a slight advantage for
the SDEM estimates. Additionally, it implies that spatial dependence may not improve
the model performance. However, SDEM estimates are still preferable as they account for
spatial autocorrelation, which OLS fails to capture, resulting in biased and inconsistent
estimates. Furthermore, the value-adjusted R-square is also higher in the case of SDEM,
which indicates the total variation in childhood stunting as explained by our indepen-
dent variables.

Validation of Spatial Lag Component through XGBoost and Random Forest

This section involves the validation of significant spatial lag features as evident from
SDEM results. We formulated an integrated approach in which we incorporated the
spatial lag value of high climate vulnerability along with other independent features into
XGBoost and Random Forest machine learning algorithms. These steps were performed
to double-check and validate the significance of spatial lag. Both these machine learning
algorithms follow a two-step methodology in extracting the most important features.
Both use recursive feature elimination by measuring relative importance and ranking
features in several ways such as the split method and average gain method. The most
important features are used for building the final model and the remaining ones are used
in minimizing residuals [34].

Figure 5 above shows the most important features as extracted by XGBoost and
Random Forest. Both extracted the same features, and one noticeable thing is that both
extracted the spatial lag of high climate vulnerability as one of the important features.
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These results further confirm that the average value from the neighbourhood indeed plays
an important role and its impacts are not geographically bounded.
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Figure 6 below exhibits a partial dependency plot that indicates the existence of a
nonlinear relationship between multidimensional poverty and childhood stunting, as
identified by EXAI Random Forest. However, the ordinary least square regression shows
a perfect linear relationship to represent the predicted value of childhood stunting for a
random observation. It clearly shows that OLS predicts an approximate value of 54, while
EXAI suggests the predicted value to be 57.23 (the real value was 60). This further shows
the predictive performance of ML algorithms in comparison to traditional OLS regression.
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Figure 7 provides further explanation of local predictions using the SHapley method.
It explains the contribution from each feature with positive large values, suggesting a large
contribution from each specific feature. For this specific observation, it shows that marriage
before age 15 contributes most to this predicted value.
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4. Discussion

Child malnutrition remains a significant threat to the development prospects of low-
and middle-income countries, including Pakistan. Addressing child malnutrition in all its
forms is a key primary objective within the framework of Sustainable Development Goals
(SDGs). The present study illustrated two crucial outcomes pertaining to the long-lasting
issue of child malnutrition. The initial findings revealed significant spatial inequalities
(clusters and spatial outliers) concerning childhood stunting across Pakistan. Moreover, the
conducted study analyzed the impact of socioeconomic and climate factors on childhood
stunting across all districts in Pakistan, specifying the importance of spatial spillover
effects and the existence of nonlinear relationships between the studied features and
childhood stunting.

The current study highlights the spatial dependence in childhood stunting across
districts in Pakistan. Out of 144 districts examined, 46 exhibited childhood stunting rates
exceeding 50%. Notably, the majority of these districts are clustered in southern Punjab
Province, northern Kashmir and northwest Khyber Pakhtunkhwa. In contrast, regions in
central Pakistan and Gilgit-Baltistan Province have low rates of childhood stunting.

The study investigated the impact of climate vulnerability on childhood stunting
revealing significant spatial spillover effects. The findings reveal that high climate vulnera-
bility not only influences childhood stunting within a district but also affects childhood
stunting in nearby regions. This suggest the existence of a spatial spillover effect that is not
bounded by geographical boundaries [35,36]. The study also found that multidimensional
poverty exacerbates childhood stunting. Poor households lack access to fundamental
health and other essential services, which consequently impacts children’s growth and
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development. These results align with existing research on the nexus between poverty and
child malnutrition [37,38].

The results show the presence of a nonlinear relationship between multidimensional
poverty and childhood stunting, suggesting that childhood stunting does not increase
proportionally with poverty. Poor households are financially constrained, limiting their
access to essential services like education, health care and nutritious food, etc. Low- and
middle-income countries bear the substantial burden of child malnutrition. Such existing
nutritional disparities hamper productivity and human capital, making countries prone to
vicious cycles of poverty where child malnutrition and poverty reinforce each other.

5. Conclusions

The study explored the spatial correlates of child malnutrition at a district level. The
findings highlight the geographical variation in childhood stunting in Pakistan, with
46 districts facing an alarming rate of childhood stunting above 50%, concentrated in
the west, northeast and south regions of Pakistan. Socioeconomic features and climate
vulnerability both play an important role in determining childhood stunting. Additionally,
the study found evidence of spatial spillover effects throughout the neighbourhood of
high climate vulnerability and women’s exposure to mass media, suggesting the potential
significant impact of spatial lag in nearby locations.

The findings from this study clearly demonstrate the importance of considering cli-
mate vulnerability as a key determinant of childhood stunting. Pakistan has experienced
devastating floods. According to the reports from World Health Organization, more than
116 districts were affected and declared as calamity-hit last year [39]. Not only that, more
than 2000 health facilities were completely destroyed, leaving millions without access to
health and medical treatment [40]. These events further exacerbate food insecurity and
elevate waterborne diseases, thereby worsening child malnutrition and consequently child-
hood stunting. Integrated and context-based policies are necessary to tackle the alarming
issue of childhood stunting. It is pertinent to consider the underlying contextual features
and design and implement policies accordingly.
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