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Abstract: Food security in rural sub-Saharan Africa is dependent on crop yields grown on subsistence rainfed
farms. Yields for rain-fed farms in Africa are often affected by the high variability in precipitation during the
growing season. Low crop yields in many communities in developing regions affect the physical and mental
growth of children by reducing their caloric intake. Water harvesting farms provide a way to capture water for
agricultural purposes and increase crop yield. This study aimed to determine whether the prevalence of water
harvesting farm techniques is spatially correlated with malnutrition. Multilevel regression models at the
within-household and geographic levels were used to evaluate the correlation between water harvesting farms
and stunting, a measurement of malnutrition, among children aged 1 to 5 years. The results suggest that the
use of water harvesting farm methods is correlated with stunting and offers the potential to reduce malnutrition
in rural subsistence farming communities in Africa.

Keywords: spatial analysis; malnutrition; multilevel regression; water harvesting farms; demographic health
surveys; rural health; developing countries; health demand; stunting

1. Introduction

The ability of a country to achieve economic growth, structural transformation, and poverty
reduction relies on stable production of agricultural crop yields (Barrett et al., 2017; Enongene,
2024). Communities in developing countries of sub-Saharan Africa (SSA) struggle, in some years,
to be food secure throughout the year because of low crop yields. Food security was defined by the
World Food Summit in 1996 as “when all people, at all times, have physical and economic access
to sufficient, safe and nutritious food that meets their dietary needs and food preferences for an
active and healthy life.” The Food and Agriculture Organization (FAO) defined four pillars of food
security in 2006: food availability, food access, utilization, and stability (Alexandratos &
Bruinsma, 2006). The stability of crop yields has been highly variable in many areas of SSA over
the past 40 years and is projected to be so in the future because of factors such as drought, flooding,
pests, population growth, and economic instability (Alimagham et al., 2024; Noort et al., 2022;
Rojas et al., 2011). Low crop yields restrict the daily caloric intake of individuals and increase local
food market prices (Grace et al., 2014). Food insecurity due to low crop yields in many
communities in developing regions affects the physical and mental health and well-being of
families (Nanama & Frongillo, 2012). High variability in climate, compounded with other
problems, such as low soil fertility and crop diseases, can cause low per capita food production
(Chakraborty & Newton, 2011; Richard et al., 2022). This is the result of the breakdown of
conventional practices, and policymakers have given low priority to farming communities (Feder
& Savastano, 2017; Sanchez, 1987). Crop yields provide an important economic measurement of
food security (Godfray et al., 2010), while malnutrition in children provides an important
anthropometric measurement of food security (FAO, 2014).

Child malnutrition is prevalent in many developing SSA countries (de Sherbinin, 2011;
Godfray & Garnett, 2014; Grace et al., 2012). Malnutrition lacks adequate energy, protein, and
micronutrients to meet the basic requirements of body maintenance, growth, and development
(FAO, 2014). Malnutrition affects all groups of people; however, infants and children are more
vulnerable because of their higher nutritional requirements for growth and development (Blossner
& de Onis, 2005; Morales et al., 2023). Malnutrition in children is routinely measured as wasting
or stunting. Wasting is < —2 standard deviations for weight-for-age, and stunting is < —2 standard
deviations for height-for-age. Stunting is commonly used as an indicator of malnourishment
because wasting can vary throughout the year depending on food availability, whereas stunting
outcomes occur as a result of chronic exposure to inadequate calories or nutritional inputs
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(Frongillo, 2022). Stunting in children has been associated with behavioral problems, cognitive
deficits, and an increased risk of hypertension and cardiovascular diseases (Black et al., 2013). As
of 2012, approximately 165 million children under 5 years of age worldwide were considered
stunted (de Onis et al., 2012).

Multiple studies have been conducted using demographic and health survey (DHS) data to
monitor malnutrition in children in SSA (e.g., Beni et al., 2024; Grace et al., 2012). Many
developing countries outside SSA have seen a decrease in malnutrition and an increase in
agricultural production in the past 40 years, but overall, countries in SSA have seen a much lower
agriculture production rate compared to other developing countries in the world; in addition, the
malnutrition rate in some SSA countries has increased (Kanamori & Pullum, 2013).

Production from small farm plots is important for the food security of people in areas of low
population density in SSA. Villagers rely primarily on what they produce. Low crop yields have
caused malnutrition in many parts of SSA (i.e., stunted growth, impaired mental development, and
impeded physical growth; Slingerland et al., 2006). The intake of nutrients from crop yields in rural
areas of SSA has been shown to positively affect health outcomes (Beyene, 2023; Reij et al., 2009;
Slingerland et al., 2006).

The farming techniques used in SSA affect crop yields (Barbier et al., 2009; Lloyd &
Dennison, 2018; Sidibé, 2005). Conventional farming practices in SSA usually consist of farmers
plowing or hoeing fields without modifying the landscape. Conventional agricultural farming can
lead to soil leeching of nutrients and a low water-holding capacity. Water harvesting systems may
be defined as “methods of collecting and concentrating various forms of runoff (rooftop, runoff,
overland flow, stream flow, etc.) from various sources (precipitation, dew, etc.) and for various
purposes” (Reij et al., 1988, p. 4). The adoption of water harvesting techniques, such as
macrocatchments, helps to maintain soil erosion by slowing the rate of water flow. Water harvesting
can be practiced within, around, and outside areas used for farming (Reij et al., 2009). Water
harvesting farms help maintain nutrients and organic matter in the soil and increase the water
productivity of farms.

While the literature has focused on the relationship between children’s health and other
variables, such as climate (Dos Santos & Henry, 2008; Grace et al., 2012), socio-economics (Balk
et al., 2005; Pérez-Mesa et al., 2022), and geophysical variables (de Sherbinin, 2011), no study has
evaluated farming techniques applied to children’s health. This analysis examines the relationship
between stunted growth and local farming practices in rural Burkina Faso. The research questions
for this study are as follows: 1) What areas in Burkina Faso have high concentrations of water
harvesting farms? 2) Does the concentration of water harvesting farms within the DHS cluster areas
correlate with child stunting in Burkina Faso? 3) Does the proportion of farms within each DHS
cluster area correlate with child stunting in Burkina Faso? 4) What land uses besides farms can be
correlated with stunting? 5) How do water harvesting farm practices spatially relate to stunting in
Burkina Faso? A unique contribution of this analysis is the use of land-use data in combination
with household- and community-level DHS data, using a multilevel regression model. The
significance of this study is that it provides an understanding of whether investment in water
harvesting farms may contribute to the overall health of children and overall communities. In
addition, this study provides insights into the determinants of health within-household along with
geographic factors related to the stunting of children.

2. Methods

Land-use data were collected around DHS cluster locations to identify the types of farming
techniques and other land-use classifications that are correlated with stunting. A 1.6 x 1.6 km square
was overlaid on high-resolution imagery from Google Earth for three random farming communities
within 5 km of each DHS cluster location. The size of the overlaid square and number of points
were chosen based on the average area around the villages used for agricultural purposes. The
majority of farming communities in Burkina Faso consist of fewer than 200 people (WorldPop,
n.d.), with agricultural farms spread around the center of the community at an average 0.8 km in
each direction. Within each randomly positioned square, 50 randomly selected points were used
for land-use identification. The land use underlying each point was classified into one of ten land-
use types (Table 1). Land use was assigned to points if images with pan-sharpened spatial resolution
less than or equal to 1 m were available within four years of 2010. Land-use data in this study were
compared to a land cover classification image produced by GlobeLand30-2010 (GLC30). GLC30
has a multispectral 30 m resolution image with 10 classified land cover types for most of the Earth’s
surface, with an overall accuracy of 80.33% (Office for Outer Space Affairs UN-SPIDER
Knowledge Portal, 2016).
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Table 1. Image interpretation description of land use types; Adapted from Anderson et al., 1976.

Land-use Type Description
Conventional farm  Distinctive areas of geometric shape and pattern (usually square or
round) that have been cultivated for the production of food and fiber

Water harvesting Same description as conventional farms including the use natural or

farm man-made barriers to collect or store water for the use of crops

Road Linear features interconnected with each other and bare of vegetation

Urban Built-up land comprised of areas of intensive use with structures

Water Areas or linear features within a land mass covered with water

Rangeland Area where natural vegetation is predominantly grasses, grass-like
plants, forbs, or shrubs

Forestland Area of land having a tree-crown area density of 10% or more

Barren land Area of land limited to less than one-third vegetation or another land

cover (usually an area of thin soil, sand, or rocks)
Intermittent stream  Ephemeral riverbed that contains water only during times of heavy rain

2.1. Study Area

Burkina Faso lies within the Sahel region of Africa on the fringe of the Sahara Desert. The
terrain is mostly flat, with dissected plains and plateaus. The elevation of the country ranges from
200 to 750 m. Approximately 70% of Burkinabes live in rural areas (World Bank, 2015). More
than 90% of the workforce is employed in agriculture and is dominated by small-scale farms of less
than 5 ha (FAO, 2014). The main crops grown in the region are millet, sorghum, and cotton. Most
farmers practice dryland farming to grow crops during the monsoon season.

2.2. DHS Data

In 2010, the DHS collected over 17,000 household surveys, including information on the
health of children, clustered into 540 spatially referenced locations within Burkina Faso (Figure 1).
The spatially referenced DHS cluster locations are randomly shifted 0-2 km in urban areas, 0-5
km in rural areas, with 1% of rural cluster locations displaced 0—10 km, to protect the privacy of
respondents (DHS, n.d.). Stunted growth collected for this study was obtained from each of the
DHS survey cluster locations, and land-use data were collected in proximity to each DHS survey
cluster location. The displacement of the cluster points was restricted within each provincial
boundary.
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Figure 1. Rural DHS cluster locations within Burkina Faso.

The DHS surveys provide measures of children’s anthropometric health and well-being,
including indicators of malnutrition. Burkina Faso is among the countries in SSA that suffer from
the highest malnutrition rates. In 2011, the National Nutritional Survey estimated that 35% of
Burkinabé children under 5 are affected by stunted growth (United Nations International Children’s
Fund [UNICEF], 2013).

Data collected by the DHS aids in explaining where major problems of malnutrition occur, as
it relates to the measurement of children’s height and weight (Nanama & Frongillo, 2012). The
survey data cover information about health, lifestyle, personal information, and the surrounding
environment for each applicant; 4,870 households with children under five were surveyed
throughout Burkina Faso. Seventy-six percent (3,696) of the surveys were conducted in rural
areas. One of the objectives of the DHS survey data is to collect information on the growth of
children under five. Physical measurements based on height and weight were compared with the
World Health Organization (WHO) global database on child growth and malnutrition (WHO &
UNICEF, 2009). The physical measurements of children under 5 were collected and recorded at
DHS cluster locations; however, it should be noted that it is unknown how long each of the children
lived in a certain location. Several studies using DHS data have been conducted in Burkina Faso to
monitor malnutrition and its effects on individuals and households (Beiersmann et al., 2007; Grace
etal., 2017; Maxwell, 1996; Wuehler et al., 2011). Malnutrition affects all regions of Burkina Faso
(Institut National de la Statistique et de la Démographie & ICF International, 2012). Some
explanations for the high rate of malnutrition as related to farming within the country include low
soil fertility, variable precipitation, unsustainable farming management strategies, and low-quality
seeds (Ikazaki et al., 2011; Miller & Welch, 2013).

2.3. Land-Use Data

Land-use data were collected around DHS cluster locations to identify what types of farming
techniques and other land-use classifications are correlated to stunting. A 1.6 x 1.6 km square was
overlaid on high-resolution imagery from Google Earth for three random farming communities
within 5 km of each DHS cluster location. The size of the overlaid square and the number of points
were chosen based upon the average area around villages used for agricultural purposes. The
majority of farming communities in Burkina Faso consist of less than 200 people (WorldPop, n.d.),
with agricultural farms spread around the center of the community on average 0.8 km in each
direction. Within each randomly positioned square, 50 randomly selected points were used for land-
use identification. Land use underlying each point was classified into one of ten land-use types
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(Table 1). Land use was assigned to points if images with pan-sharpened spatial resolution less than
or equal to 1 m were available within 4 years of 2010. Land-use data in this study were compared
to a land cover classification image produced by GlobeLand30-2010 (GLC30). GLC30 has a
multispectral 30 m resolution image with 10 classified land cover types for most of the surface of
the earth, with an assessed overall accuracy of 80.33% (Office for Outer Space Affairs UN-SPIDER
Knowledge Portal, 2016).

2.4. Multilevel Regression Modeling

A multilevel regression model was created to test whether the stunting of children at the
within-household level was highly impacted by water harvesting farming. Multilevel modeling
analyzes the data in a hierarchical structure, allowing for residual components at each level in the
structure. The dependent variable in this study is the height-for-age Z-scores (HAZ) of children
between 1 and 5 years old. HAZ is a standard measurement for chronic childhood malnutrition
(Frongillo & Nanama, 2006; Grace et al., 2012). The child growth standards provided by the WHO
were used to calculate Z-scores for child stunting (WHO & UNICEF, 2009). The independent
variables selected for this study have been used in other studies to assess malnutrition in children
(Grace et al., 2012; Balk et al., 2005; de Sherbinin, 2011). The model uses two hierarchical levels
categorized as within-household and geographic (Table 2). Within-household determinants include
children’s age, child’s size at birth, child’s sex, mother’s age, mother’s height, mother’s education,
number of small children, child body mass index, floor material, mosquito nets, approved water
sources, and scooters or motorcycles. The within-household variables were retrieved from the 2010
DHS data (DHS, n.d.). Geographic determinants include soil type, population density, province,
percentage of water harvesting farms, and percentage of total farm area. The soil type data have a
resolution of 100 km and were collected by the Joint Research Centre- European Soil Data Centre
in 2013 (JRC-ESDAC, 2013). The population density data have a resolution of 30 seconds and
were created by the Center for International Earth Science Information Network (CIESIN) for the
year 2000 (CIESIN, 2016).

Table 2. List of variables and a description of how each variable is categorized for each child respondent
under 5.

Determinants
Within-household Geographic
1. Child Age 13. Soil Type
2. Child Size at Birth 14. Population Density
3. Child Sex 15. Province
4. Mother’s Age 16. Water Harvesting Farms %
5. Mother’s Height 17. Total Farm Area
6. Mother’s Education
7. Small Children
8. Floor Material
9. BMI

10. Mosquito Bed Net(s)
11. Approved Water Source
12. Scooter/Motorcycle

The multilevel regression accounts for associations among observations within levels to make
efficient and valid inferences. The multilevel model equation is as follows (Bafumi & Gelman,
2006):

yi=ag)+pBx +e (1)
where s[7] is the group’s containing unit i
a; =0+ (2)

Equation (1) shows where yi is the score of a variable on the dependent variable and is being
predicted by modeling varying intercepts as and a predictor x;. The error in the model is denoted by
€;. Equation (2) displays the hierarchal level equation that estimates the mean of the varying
intercepts oy and the hierarchal level error 1. The method of using a multilevel structure regression
model over other regression models has proven to be a more reliable model estimate between
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response and independent variables when data could be nested at different geographic scales (Curtis
& Rees Jones, 1998). Multicollinearity was assessed between each variable.

2.5. Moran’s I Index

In addition to multilevel analysis, an ordinary least squares (OLS) regression model using
spatial filtering regression with eigenvectors analyzed how farm types are spatially correlated with
stunting. Regression models using spatial data may contain spatially autocorrelated residuals
causing a misspecification error. Moran’s I methodology tests for global spatial autocorrelation and
corrects for misspecification errors (Moran, 1950). Moran’s I was used in this study to measure
farm land-use and water harvesting farms clustering in Burkina Faso and is based on the cross-
products of the deviations from the mean and is calculated for n observations on a variable x at

locations i, and j as:
- N ziZjWij (Xi _)_()(XJ _)?)
Ziz‘,‘wﬁ‘ Zi(Xi _)?)2

where X the mean of the x variable and w; are the elements of the weight matrix. Moran’s I
uses eigenvectors with OLS regression accounting for spatial autocorrelation during the statistical
modeling of the spatial data using an inverse distance spatial relationship (Griffith, 2000). Moran’s
I is similar to a correlation coefficient varying from —1 to 1. Values toward 1 indicate clustering
while values toward —1 indicate dispersion.

: 3)

2.6. Geographic Weighted Regression

Geographic weighted regression (GWR) is a relatively new local statistical technique that
analyzes spatial relationships between a dependent variable and one or more independent variables
(Fotheringham et al., 2002). The GWR is a local regression model used to examine spatial
heterogeneity across a study area. The GWR equation is based on the OLS regression by
constructing an equation for every location in the dataset and is as follows (Charlton &
Fotheringham, 2009):

i ()= Bo; )+ By () xi; + B () Xa; .. B () X, 4)

where y; is the dependent variable, and u is an observation at a specific location, while x is an
independent variable. The notation Bg{u) is a parameter that describes a relationship around a
location () and is specific to that location. The parameters set for this analysis included using a
fixed kernel type and an AIC bandwidth. The output of running a GWR provides a table delineating
where and how much variation is present between the dependent and independent variable(s) at
each location.

2.7. Interpolation

The distribution of water harvesting farms and stunting in Burkina Faso were mapped using
a process called empirical Bayesian kriging (EBK). EBK is a common geostatistical interpolation
algorithm for scattered point data and has been used in multiple DHS data studies (Gemperli et al.,
2004; Gosoniu et al., 2010; 2012). The EBK method uses an intrinsic random function accounting
for the error introduced by estimating the underlying semivariogram model (Krivoruchko, 2012).
The parameters chosen for the EBK model include using a k-Bessel semivariogram model with a
maximum search neighborhood parameter of 10. The parameters provide a way to identify local
trends from the inserted DHS data while providing prediction surfaces from the interpolated values.
The stunted growth survey data collected at each clustered location were averaged at each of the
540 geolocated point locations. Water harvesting farm data were collected at three farming
communities around each DHS clustered location and averaged. Due to the nature and distribution
of the cluster points, EBK was a suitable method for deriving an interpolated surface of the study
area. The random shift in the geolocated DHS cluster areas should have little effect on predicting
cell values as the offset is minimal and the interpolation method accounts for multiple surrounding
values.

3. Results

Over 50,000 land-use sample points were collected from farming communities around DHS
cluster locations in Burkina Faso. Table 3 displays the average and standard deviation of the
percentage of land-use for each land-use type. Conventional farms and rangeland comprised the
majority of land-use types around farming communities, consisting of 75% of total land usage while
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water harvesting farms averaged 12.6% of land usage. Roads, urban areas, water areas, forestland,
barren land, and intermittent stream combine for a minority portion of land-usage sample data at
12.4%

Table 3. Descriptive statistics of land use types for farming communities in Burkina Faso.

Average Percentage Standard Deviation

Land-use Types

of Land Use Percentage of Land Use
Water 1.0% 2.2%
Forestland 1.0% 3.8%
Barren land 1.6% 4.9%
Intermittent Stream 2.0% 2.9%
Road 2.8% 3.2%
Urban 4.0% 6.6%
Water Harvesting Farms 12.6% 13.4%
Rangeland 33.2% 18.2%
Conventional Farms 41.8% 19.3%

Results from Moran’s I test show areas of clustering, as shown in Figure 2a for the total farm
area and Figure 2b for water harvesting farms. Areas of high-high clustering indicate the
concentration of total farm area per land-use. There was significant clustering of the percentage of
total farm area per land use in Burkina Faso, with a Moran’s index of 0.97 and a Z-score of 8§1.97.
The concentration of the percentage of the total farm area is prevalent in the central areas of the
country near the capital of Ouagadougou, but there are other regions throughout the country with
high clustering. Areas of low-low clustering are areas where there is little farming. Most water
harvesting farms are located in the north-central part of the country. Water harvesting averages,
where high-high clustering occurred, averaged 62% of the land usage. The majority of areas with
low-low clustering had no water harvesting farms. The spatial analysis of the clustering of water
harvesting farms had a Moran’s index of 0.96 and a Z-score of 80.51, indicating significant
clustering of water harvesting farms in the country.

Clustering of Farm Land-use in Burkina Faso
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Clustering of Water Harvesting Farms in Burkina Faso

Figure 2. The concentration of percentage of total farm area (a) and percentage of water harvesting farms (b)
in Burkina Faso using Moran’s index.

The results in Table 4 show the significant factors for each hierarchal level related to stunting.
Within-household variables in this analysis are similar to those seen in other studies modeling
malnutrition in SSA (de Sherbinin, 2011; Grace et al., 2012; Henry & Dos Santos, 2013; Sandler
& Sun, 2024). The mother’s influence is an important factor in the health of their children. Mother’s
height, education, and maternal age were all negatively correlated with the stunting of their
children.
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Table 4. Significant variables related to stunting at the within-household and geographic hierarchal levels.

Dependent Variable: Stunting

Significant Values  p <0.001 0.001<p<0.01 0.01 <p <0.05 0.05<p<0.1

Mother’s Height (—) Population Density Natural Floor Material (+)  Maternal Age (—)

Within-household

()

Mother’s Education: Mother’s Education:
Secondary (—) Primary (-)

Variables

Sex — Male (+)

Como¢é Province (+) Ioba Province (+)  Bazéga Province (+) Banwa Province (+)
Water Harvesting Farms (—) Kadiogo Province Kompienga Province (+) Boulkiemdé Province

Geographic
Variables

() ()
Kouritenga Province (+) Gourma Province (+)
Kourwéogo Province (+) Houet Province (+)
Léraba Province (+) Koulpélogo (+)
Poni Province (+) Zoundwéogo (+)
Tapoa Province (+) Roads (-)
Tuy Province (+)
Ziro Province (+)

The geographic variables in this study included soil types, population density, provinces, the
percentage of water harvesting farmland, and the percentage of total farm area. Only the percentage
of water harvesting farms and certain provinces indicated a correlation with malnutrition rates
based on the DHS 2010 Survey. Provinces that positively correlated with stunting in this analysis
include Ganzourgou, Kadiogo, Banwa, Kompienga, Tapoa, Poni, Tuy, Gourm, and Bazega; these
provinces are distributed throughout central and southern areas of Burkina Faso.

The distribution of land designated for farming based on sample data is significantly clustered.
The average percentage of the land used for the total farming area was 60.6%, with areas of high
clustering averaging 78%. There is no significant correlation between total farmland and stunting
in Burkina Faso in this study. Besides water harvesting farms, the only other land-use type that
showed correlation were roads, which were negatively correlated with stunting (p < 0.05).

Figures 3a and 3b display an interpolated distribution of water harvesting farms and stunting
in Burkina Faso. The highest concentration of water harvesting farms is in the central and north-
central parts of Burkina Faso, with total land use over 44.8%. Child stunting is also clustered in
Burkina Faso but varies throughout the country. The highest areas of stunting occur away from the
center of the country with pockets of low stunting scattered throughout the country.

J Sud-Cuesty) ) 75

Concentration of Water Harvest Farms in Burkina Faso Stunted Children Interpolation Map of Burkina Faso
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Figure 3. Interpolation of water harvesting farms based upon collections of land cover data around DHS
survey locations (a) and Interpolation of stunted children data based upon DHS 2010 Survey data cluster
locations (b).

GWR analysis was performed at each DHS survey cluster point to explain the local variance.
Figure 4 displays the GWR map of the standard regression of water harvesting farms to stunting.
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The standard regression residuals provide information for understanding where water harvesting
farms, the locally weighted regression coefficient to stunting, move away from their global values.
Standard regression areas close to zero were predicted to indicate a strong relationship between
water harvesting and stunting. Areas with a higher standard regression away from zero will have a
weaker correlation between water harvesting farms and stunting. Areas with a high standard
regression imply that other key explanatory variables are missing from this spatial model to explain
spatial variance. Areas in red (high standard regression) are relatively low in stunting and have a
high percentage of land-use appropriated for water harvesting farms. Areas in blue (low standard
regression) were high in stunting and low in water harvesting farms.

Geographic Weighted Regression of Water Harvesting
Farms to Stunted Children in Burkina Faso

Boucle du Mouhoun

Legend
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Figure 4. Displays the GWR interpolation map of the percentage of stunting from DHS 2010 surveys and data
collected on water harvesting farms per land use in farming communities around the survey locations.

4. Discussion

The production of crops from small farm plots is critical to the food security of people in areas
with low population density in SSA. Low investments in land improvement and fertilizer use have
caused long-term deterioration in soil fertility and crop productivity, affecting the nutritional
requirements for productive crops to be met (Dimkpa et al., 2023). As the population increases and
more arable land is being used for farming, water harvesting farms can be an important investment
for rural households that rely on farming. Water harvesting farms provide a sustainable solution to
produce higher crop yields by replenishing fertility and water productivity for agricultural use, with
little management costs for small-scale farmers. DHS cluster locations where communities invest
in water harvesting farming techniques correlate with lower rates of stunting. The ability of an area
to invest in land rehabilitation using water harvesting techniques can aid the health of households
by increasing nutrients in the soil, providing stable production in seasons with high climate
variability. Households that do invest in water harvesting farming techniques come from
government or non-government organizations projects or from farmers that understand soil
conservation strategies, have resources, and the money to implement water harvesting techniques
(Bunclark, 2015).

Correlations between within-household factors and stunting in this analysis were similar to
those found in other studies modeling malnutrition in SSA (Bain et al., 2013; Grace et al., 2012;
Sandler & Sun, 2024). Mothers’ influence is an important factor in the health of their children. The
mother’s height, education, and maternal age were all important within-household variables that
were negatively correlated with the stunting of their children. This study, along with other studies,
reflects the importance of mothers’ well-being in raising healthy children.

In addition to water harvest farms being a significant geographic determinant of stunting, the
distance of stunted children from major roads was negatively correlated. Another study found a
significant relationship between transportation infrastructure and crop production (Dorosh et al.,
2010). Road density is a major factor in cash income from agricultural sales (Bricefio-Garmendia
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& Dominguez, 2011). The proximity to roads also helps decrease travel time to healthcare facilities,
which has been shown to be an important indicator of children’s health (Rutherford et al., 2010).

Local, national, and international agencies began to successfully implement water harvesting
techniques in the 1980s in the north-central region of Burkina Faso. These projects have helped
subsistence farmers achieve more stable crop production. Agencies and local farmers who have
invested in such techniques have been, on average, able to produce higher crop yields (Barbier et
al., 2009; Lloyd & Dennison, 2018). Examining the spatial distribution of water harvesting farms
to stunting helps to better understand regional variations in the GWR model.

This study provides a unique perspective in accounting not only for information related to a
child’s immediate care but also for a spatial, environmental, and agricultural perspective in relation
to the stunting of children. Understanding spatial components is crucial for providing aid to those
who have less access to nutritious food and clean water. In the case of stunting, practicing water
harvesting methods for farmers who rely on what they produce can influence a child’s health.

There are many areas in the GWR model where there is varying standard regression, implying
that other key variables are needed to explain spatial variance. Key variables such as those related
to the mother in this study and in other studies can have an impact on some of these areas. Some
areas with high spatial variance may also have been influenced by variables that were not used in
this study. Local areas can also have factors that affect malnutrition that are not prevalent in other
communities. An influencing variable that could affect the growth of children in a local area could
be prolonged illness from malaria, which could reduce their nutrition and growth over time.

Future research on farming practices in relation to health in developing countries can help
local government agencies and other stakeholders determine how to meet future food security
requirements. This includes knowing the best methods to grow crops where there is high variability
in climate. This study was conducted in a small area of SSA; further investigation is needed to
understand how water harvesting techniques affect the health of people in other areas of SSA where
rainfed crops dominate. Long-term studies of farming practices and health within Burkina Faso
would allow for a more in-depth exploration of the interactions between the different factors
affecting crop yields and stunting in this region.

5. Conclusion

Food security will continue to be a major issue in developing countries because of climate
variability, population growth, and economic instability. This study examined the concentration of
water harvesting farms and their spatial correlation with stunting in Burkina Faso. This study found
that mothers’ height, education, and age strongly influenced stunting within households, similar to
other studies. Water harvesting farms were significantly clustered in Burkina Faso and spatially
correlated with stunting in certain areas of Burkina Faso. Water harvesting farms were correlated
with stunting; however, the amount of land use dedicated to farming in farming communities did
not correlate with stunting, indicating that investment in soil and water conservation techniques is
important to the livelihood of people in rural areas of Burkina Faso. These findings indicate that
simply adding more farmland or expanding it to more marginal land may not improve
stunting. However, this research suggests that investing in existing agricultural land to develop
water conservation techniques could lead to reductions in stunting. Google Earth’s high-resolution
historical imagery provides a cost-effective way to sample land use, especially in remote parts of
the world, and Google Earth data for other regions can be used to examine land-use variables
correlated with global malnutrition.
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