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Studies have associated ambient PM; 5 exposure with child undernutrition. However, the exposure-response
relationship may vary across space. We therefore investigated spatial variability in ambient PMjy 5 — child un-
dernutrition relationship in sub-Saharan Africa (SSA) merging several waves of Demographic and Health Survey
data for 34 SSA countries for the period 1998 to 2022 with satellite-derived PMj 5 estimates. The study included
855,395 children with complete prenatal and postnatal PM; 5 exposure data. The prenatal and postnatal PMy 5
exposures were estimated using a weighted average of spatially-resolved annual PMj 5 estimates. We employed a
Bayesian spatial model in R-INLA incorporating a spatially varying slope at the country level to investigate the
variability in the exposure-response relationship. The model adjusted for individual- and area-level confounders
whilst accounting for both structured and unstructured heterogeneity. A 10 pg/m? increase in prenatal and
postnatal PM, 5 exposure was associated with 11% (AOR = 1.11; 95% Credible Interval [CrI]: 1.04, 1.20) and 9%
(AOR = 1.09; 95% Crl: 1.04, 1.15) increased odds of stunting in SSA, respectively. A 10 pg/m? increase in
postnatal PM; 5 was associated with 6% (AOR = 1.06; 95 % CrI:1.02, 1.11) increased odds of wasting in SSA. The
PM, 5 exposure—response relationship varied widely within and between SSA countries and sub-regions with the
estimates consistently higher in West Africa. The findings of the study call for tailored, region-specific in-
terventions to help address the burden of child undernutrition attributable to air pollution in the SSA region.

1. Introduction

Child undernutrition remains a major public health concern in Sub-
Saharan Africa (SSA) and South Asia, with more than 180 million chil-
dren under 5 reported to be malnourished in these regions in 2022
(UNICEF, WHO, & World Bank Group, 2023). The consequences of child
undernutrition are severe and long-lasting including compromised im-
mune function and associated increased susceptibility to infections,
impaired early childhood neurodevelopment, low educational attain-
ment, and increased risk of infant and child mortality (Ferreira et al.,
2018; Ghosh et al., 2015; Harttgen et al., 2013; Kirolos et al., 2022;
Morales et al., 2023). Studies have also linked inadequate childhood
nutrition to an elevated risk of chronic non-communicable diseases
including type 2 diabetes and cardiovascular conditions (Bhutta et al.,

2017; Grey et al., 2021; Vassilakou, 2021; Victora et al., 2008).

Studies have identified household air pollution (HAP) as an impor-
tant environmental risk factor for child undernutrition in LMIC
(Adekoya et al., 2022; Deng et al., 2024; Pun et al., 2021). Ambient fine
particulate matter (PMz5) has also been identified as an important
environmental risk factor for child undernutrition (Amegbor, 2022;
Amegbor et al., 2023; Bora, 2021; Clarke et al., 2022; deSouza et al.,
2022; Khezri et al., 2025). In SSA, interventions for addressing child
undernutrition have traditionally focused on improving child feeding
practices, ensuring sanitation and hygiene practices, and addressing
HAP through rolling out of clean cooking solutions (Amegah, 2020; Pun
et al., 2021).

However, the studies by Amegbor and colleagues (Amegbor, 2022;
Amegbor et al., 2023) have provided evidence on how early-life
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environmental exposures contribute to childhood undernutrition in SSA
by employing multilevel modelling to account for spatial heterogeneity
at both neighbourhood and regional scales. These studies employed
random intercepts to account for variation in the outcome risk across
clusters and regions, but did not explicitly model spatial autocorrelation.
Their approach assumes that any geographical clustering in undernu-
trition is independent thereby overlooking the propensity of adjacent
areas to exhibit similar outcomes due to shared environmental condi-
tions, socio-economic factors, or infrastructure (Anselin, 2022; Pickett
and Pearl, 2001). In addition, random intercepts model assumes that the
relationship between exposure and outcome is constant (i.e. same
slope). Clarke et al. (2022) also assessed the relationship between pre-
natal PMs.5 exposure and child growth in East Africa. However, their
study relied on spatially linked cluster means without also formally
accounting for spatial autocorrelation or modelling possible spatially
varying effects.

To address these gaps in knowledge, we employed a fully Bayesian
spatial framework that integrates the Besag-York-Mollié 2 (BYM2)
model (Besag et al, 1991) within the Integrated Nested Laplace
Approximation (INLA) framework (Lindgren and Rue, 2015; Riebler
et al., 2016) and incorporated a spatially random slope to help account
for spatial autocorrelation and better investigate the spatially varying
effects of PM5 5 exposure on child undernutrition outcomes. Estimation
of spatially varying effects will help better inform intervention strategies
for addressing the burden of child undernutrition attributable to air
pollution in SSA. The complex modelling approach will also help to
explicitly model spatial autocorrelation and disentangle the contribu-
tion of local clustering from that of the independent variation across
regions in the observed association to help better tailor the intervention
strategies.

2. Method

The study was cross-sectional in design assembling Demographic and
Health Survey (DHS) data from 34 SSA countries for the period 1998 to
2022 and merging the DHS data with satellite-derived PM; 5 estimates.

2.1. Data sources

The DHS survey is a cross-sectional nationally representative survey
conducted in 95 countries including 44 SSA countries. Thirty-four (34)
SSA countries qualified for inclusion in this study during the study
period. This is because they were the only countries that had spatial
information on sampled Enumeration Areas (EAs) to enable PMj 5
exposure assessment. The DHS Program uses a two-stage sampling
design. In the first stage, EAs are designated as primary sample units. In
the second stage, households within each EA were systematically
selected with eligible women aged 15-49 years in these households
interviewed, and data on their birth history and health, as well as
anthropometric measurement of children born in the five years pre-
ceding the survey collected. The GPS coordinates of the sampled EAs are
recorded in a geographic database and was linked to the DHS data
through a unique identifier. The study sample consists of 907,535 chil-
dren under five years of age from singleton pregnancies from 22,400
clusters.

Average annual estimates of PMgs mass concentrations were
extracted from the V5.GL.02 product of the Atmospheric Composition
Analysis Group (ACAG) of Washington University, USA. This gridded
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raster product estimates global ground-level PM, 5 concentrations from
1998 to 2022 by combining Aerosol Optical Depth (AOD) retrievals from
multiple NASA satellite instruments (MODIS, MISR and SeaWIFS) based
on their observed relative uncertainties. The combined AOD is then
estimated to near-surface PM; 5 concentrations using the spatially and
temporally varying geophysical relationship between the PMy s and
AOD simulated by the GEOS-Chem chemical transport model (Van
Donkelaar et al., 2016). The geophysical estimates are subsequently
calibrated to global ground-based measurements of PMys using a
Geographically Weighted Regression (GWR) (van Donkelaar et al.,
2021) leveraging ground-level monitored PM; 5 datasets compiled by
WHO. This model shows strong global performance compared to
ground-based observations with an annual cross-validation coefficient
of determination (Rz) of 0.84 and RMSE of 8.4 plg/m3 (van Donkelaar
et al., 2021). The predicted annual surface PM5 5 concentrations have a
spatial resolution of approximately 1 km x 1 km (Hammer et al., 2023,
2020; Shen et al., 2024; Van Donkelaar et al., 2016).

2.2. Merging DHS and PM3 5 exposure data

In merging the DHS and PM; 5 exposure data, a buffer of 5 km was
implemented for rural clusters and 2 km for urban clusters to accom-
modate coordinate displacement and preserve respondent anonymity.
PM, 5 concentrations were assigned to these DHS clusters by overlaying
the buffered clusters geographic polygon over the gridded PM, 5 data.
Annual averaged PM; 5 concentrations were extracted for each buffered
cluster. The DHS program provides geographic coordinates for sampling
clusters (i.e. enumeration areas) for some countries and waves of the
survey. The difference in spatial displacement (2 km urban, 5 km rural)
is due to the higher population density in urban areas and hence
requiring a smaller displacement to mask location of households. In
rural areas, the low population density means a larger displacement is
require to adequately obscure location of more spread-out households
and prevent re-identification (Burgert et al., 2013). The complete
dataset integrating ambient PMj 5 exposure levels and administrative
data was combined with the DHS survey data utilizing the matching
keys (DHS-CLUST and v001).

2.3. Prenatal and postnatal PM3 5 exposure assessment

Prenatal and postnatal exposures were assigned by creating a time-
weighted average of the annual PM; 5 values for the specific months
of exposure for each child. Prenatal exposure was calculated as a
weighted average of monthly PMs,.5 concentrations over the nine
months preceding each child’s date of birth. For a child born in month b1
of year b2, the weighted prenatal exposure was calculated as follows:

[bl X Ebz] + [(9 — bl)
9

*Enal ) g
(€D)]

Weighted prenatal exposure =

where E, denotes the annual average PMj.5 concentration in year y. The
weights b1 and 9 —b1 reflect the fraction of the gestational period falling
within the birth year and the preceding year, respectively.

Postnatal exposure was calculated as a weighted average of annual
PM,.5 concentrations from the child’s month of birth up to the month of
the household interview. For a child born in month bl of year b2 and
surveyed in month v006 of year v007, the postanal exposure was
calculated as follows:

y=b2+1

(2)
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Epe and E, 7 represent the annual average PM,.5 concentrations in the
birth year and survey year, respectively. The summation term captures
exposure for the full years between birth and survey. The denominator
reflects the total number of months contributing to the exposure period.
Postnatal exposure was calculated for children with at least one full
month of life prior to the survey. Prenatal exposure estimation required
a minimum of six months of gestation preceding birth to mitigate data
gaps for children born early in 1998 but whose prenatal periods
extended into 1997. For these cases, we assigned 1998 monthly averages
up to three prenatal months in 1997 assuming minimal temporal vari-
ation in the monthly PM,.5 concentrations across the adjacent years. Of
the total 907,535 children sampled, 855,395 had complete prenatal and
postnatal exposure data.

2.4. Outcome measurement

The outcomes of interest were stunting, wasting, underweight, and
anaemia. Based on the 2006 WHO child growth standards, children were
classified as stunted if their height-for-age z-score was below —2 stan-
dard deviations (SD) from the median of the reference population.
Children were classified as wasted if their weight-for-height z-scores
were below —2SD from the median of the reference population. Children
were classified as underweight if their weight for age z-score was below
—2SD from the median of the reference population. The DHS survey
collected anthropometric data comprising height and weight measure-
ments for children aged 0-59 months in the sampled households and
was used to determine nutritional status of the children. The DHS Pro-
gram uses standardized procedures to collect anthropometric data
across countries thereby ensuring comparability (Allen et al., 2019;
Assaf et al., 2015; The DHS Program, 2020). In the DHS survey, children
aged 6-59 months with haemoglobin (Hb) levels less than 11.0 g/dl
were classified as anaemic (Croft et al., 2023).

2.5. Covariate assessment

Covariates adjusted for in the analysis were mother’s education
level, mother’s age at the child’s birth, household wealth status, type of
residence (urban vs. rural), and household environmental quality
(HEQ). Maternal education was classified into three levels: no formal
education, primary education, and secondary education or higher edu-
cation. Household wealth was determined by principal component
analysis (PCA) of household assets with households classified into
wealth tertiles (poor, middle and richest). The DHS Program uses PCA to
construct the wealth index to ensure that asset-based disparities in
countries were appropriately captured (Croft et al., 2023). HEQ was a
latent trait variable generated from household sanitation (improved vs.
unimproved), water sources (improved vs. unimproved), and household
cooking fuel (clean vs. polluting) using item response theory with one-
parameter logistic regression model that adjusts for complex survey
design (Chen et al., 2021; Nguyen et al., 2022). Empirical Bayes means
was used to predict the latent HEQ index and categorised into low,
medium and high levels based on tertiles (Dwomoh et al., 2023).

2.6. Statistical analysis

We developed a hierarchical Bayesian spatial model to examine
spatially varying effects of PMs.5 exposure on child health outcomes
controlling for maternal, household and area-level covariates while
explicitly accounting for the complex sampling design of the DHS. A
Bayesian spatial multilevel mixed-effects model which allows for esti-
mation of country-specific random effects was employed. This method
allows for evaluation of variation in the outcome attributable to a
country’s distinct contextual factors (Aheto et al., 2021; Krainski et al.,
2018).

Children served as the units of analysis at the lowest level of the
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hierarchy. The children are nested within EAs which in turn are nested
within survey strata, sub-national levels and finally, countries. To cap-
ture unobserved heterogeneity across these levels, random intercepts
were introduced for each level (Bakka et al., 2018). To account for the
complex survey design and ensure the study findings are representative,
all models were weighted using the DHS survey weights which were
normalized at the country level.

A key feature of our model is the inclusion of a spatially varying
random slope for PMs.5 exposure (Bakka et al., 2018; Bell et al., 2019).
In modelling spatial autocorrelation, we first constructed a country-level
adjacency matrix with neighbouring countries defined as those sharing a
common border. This neighbourhood structure was then incorporated
into the model’s random effects through an intrinsic conditional
autoregressive (ICAR) prior which allowed both the baseline risk
(intercept) and the PM; 5 effect (slope) to vary smoothly across adjacent
countries. This allows the association between PMj.5 and child under-
nutrition to differ across countries thereby providing a more nuanced
understanding of how local contextual factors modifies the effect of air
pollution. To mitigate potential spatial confounding and improve model
interpretability, the PMs.5 exposure variable was centred at the country
level. For the main sub-regional analysis, exposure was centred at the
country level whereas for the supplementary analysis (see Supplemen-
tary Material), centring was performed at the sub-national level.

2.7. Model specification

Let Y;;; denote the binary indicator of the health outcome for the i-th
child in the j-th cluster (EA), within the k-th survey stratum and the I-th
country. The probability of the outcome is pjy = Pr(Yjq = 1), modeled

as Yy ~ Bemoulli(p,—jkl). The linear predictor on the log-odds (logit)

scale is:
lOgit(pijkl> = Myt

We fitted two nested specifications under the Besag—York-Mollié 2

(BYM2) framework (Besag et al., 1991; Riebler et al., 2016) to account

for both measured covariates and unmeasured spatial heterogeneity.
Model 1 (Exposure-only with spatially varying slope):

Ny = Po +PrXi+ P, (xijkl - ﬁ) +6; (xijkl - fz) +f(st+w) + 6+
Model 2 (Fully adjusted with spatially varying slope):

Ngga=Po+Hr X1+, (xijkl —fl) +85( Cya) +6, (xijkl —§1> +(st+w) +6 4

Here, f, is the overall intercept. X; is the country-level centred mean
PMa.5 exposure. 3, represents the average (fixed effect) association be-
tween the centred PM,.5 and the outcome across all countries.

Pa (xijkl 7§1) represents the main fixed effect for the individual-level

exposure centred at the country level. Both exposure variables were
scaled by dividing by 10, so that the coefficients represent the effect of a
10 pg/m3 change. @, is a vector of child, maternal, and household-
level covariates with a corresponding vector of fixed-effect coefficients

p5. The term 6; <xi]-kl 7§1> is the country-specific random slope for the

centred PMs.5 exposure which allows the effect of individual exposure to
vary by country L. This term is modelled with a spatially structured prior,
60, ~ ICAR(03), to capture spatial dependency in the exposure-response
relationship. The term f(s;+u;) is the country-level random intercept
specified using the BYM2 framework. This partitions country-level
heterogeneity into a spatially structured component s; and an unstruc-
tured component u;. The structured effect s=(s;, ..., s;) follows an
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intrinsic conditional autoregressive (ICAR) prior:

1
A~ A 2D sl
Sils-1 n 4= 5% [,

where the sum is taken over the n; neighbors of country [. The un-
structured spatial effect component is given as w~ .#'(0,62). Finally, 6
and (; are unstructured random intercepts for each country’s region, the
sample cluster (EA), and the survey stratum, respectively, with priors
8k ~.1'(0,0%) and ¢; ~.7°(0,0%). These spatial terms are modelled as
IID normal random variables.

We adopted a full Bayesian binomial regression framework esti-
mating model parameters via Integrated Nested Laplace Approximation
(INLA) as implemented in R-INLA (Lindgren and Rue, 2015; Rue et al.,
2009). Country-level spatial dependence was accommodated through
the BYM2 specification (Besag et al., 1991; Riebler et al., 2016) which
merges spatially structured and unstructured random effects into a
single, scaled component. In this reparameterization, the total precision
parameter 7 = 1 /o2 regulates overall spatial variability while the mixing

parameter ¢ € [0, 1] determines the fraction of variance attributed to the
structured (ICAR) component versus the unstructured effect (Morris
etal., 2019). Weakly informative Penalized Complexity (PC) priors were
specified for all random effect hyperparameters with the model relying
on default vague Gaussian priors (N(0, 1000)) for the fixed effects. For
the BYM2 spatial effect, the PC prior for the marginal standard deviation
was specified as P(c > 1) = 0.01 and the prior for the mixing parameter
was P(¢ < 0.5) = 0.5. The country-level random slope for PMj.5 expo-
sure was modelled with a PC prior of P(c > 0.5) = 0.01. The unstruc-
tured variability at the cluster and strata levels was modelled using IID
random effects and also assigned PC prior of P(c > 1) = 0.01. The PC
priors were chosen following the recommendations of Simpson et al.
(2017) to penalize complexity while retaining flexibility. We chose
weakly informative thresholds to reflect plausible spatial and effect
constraints which enables data-driven inference without imposing
strong assumptions This is an appropriate strategy given limited prior
knowledge on PM,.5 effects in sub-Saharan Africa.

2.8. Sampling weight

The DHS household weights (variable v005) was rescaled and then
normalized to match the analytic sample to ensure that the sum of the
weights equalled the sample size thereby preserving the original sample
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size while also correcting for selection probabilities (Croft et al. 2023).
The normalized weights were incorporated into the INLA model to
ensure the parameter estimates reflected the population structure in the
DHS sample. The approach adopted aligns with best practices for
incorporating survey weights into Bayesian models (Chen et al., 2021; Si
et al., 2020).

All analyses were conducted using the R-INLA framework (Lindgren
and Rue, 2015; Rue et al., 2009) with statistical significance based on
95% Bayesian credible intervals (CrI). We produced interactive, web-
based maps of the estimated spatial effects for effective policy-
decision making. We predicted probabilities across all 34 SSA coun-
tries (see Supplementary Material). These visualizations were developed
using the spdep, sp, and leaflet packages in R version 4.50 (Bivand et al.,
2017; Cheng et al., 2019; RStudio Team, 2021). To visualize the spatial
patterns and the certainty of the country-specific random slopes, we
calculated and mapped the posterior exceedance probability defined as
probability that the odds ratio for the PMs.5 effect is greater than one
(See Supplementary Material).

2.9. Ethical considerations

DHS surveys are conducted under the scientific and technical su-
pervision of the Statistical and Health authorities in the respective
countries. All the survey methods and procedures were carried out in
accordance with relevant guidelines and regulations of the organisations
in the countries. The survey protocols were approved by ICF Interna-
tional through The DHS Program and complies with U.S Department of
Health and Human Services requirements (45 CFR 46). Informed con-
sent was obtained from all subjects before the interview.

3. Results

Fig. 1 is a flowchart of the study sample selection process. A total of
855,395 children with complete exposure data (prenatal and postnatal)
were included in the study.

Table 1 presents the distribution of study outcomes in the study
population, and the regional variations. Of the total study sample,
16.9% were stunted, 9.2% were wasted, 4.2% were underweight, and
20.8% were anaemic. A substantial proportion of children had missing
anthropometric data, 45.9% for stunting, 49% for wasting and under-
weight, and 67.9% for anaemia. West Africa recorded the highest pro-
portion of stunted (46.8%), wasted (55.8%), underweight (63.1%), and

Total number of children under five

N = 907535

in the included countries during the study period

l l

Children with no exposure data
Prenatal: 43739
Postnatal: 8464

Children with exposure data
Prenatal: 863796
Postnatal: 899071

Total number of children with complete
(prenatal & postnatal) exposure data
N = 855395

l

l

Number of wasted children
with complete exposure data
N = 78341

Number of stunted children
with complete exposure data
N = 144178

Number of anaemic children
with complete exposure data
N = 177625

Number of underweight children
with complete exposure data
N = 36297

Fig. 1. Flowchart of study sample selection process.
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Table 1
Distribution of the study outcomes in the study population (N = 855,395).
Stunting Wasting Underweight Anaemia
N (%) N (%) N (%) N (%)
Outcome
Yes 144,178 78,341 (9.2) 36,297 (4.2) 177,625
(16.9) (20.8)
No 318,365 358,239 400,338 97,267
(37.2) (41.9) (46.8) (11.49)
Missing 392,852 418,815 (49) 418,760 (49) 580,503
(45.9) (67.9)
Sub-region
West Africa 67,518 43,724 22,917 (63.1) 97,300
(46.8) (55.8) (54.8)
East Africa 57,919 24,613 9447 (26) 55,131 (31)
(40.2) (31.4)
Central Africa 15,964 8745 (11.2) 3366 (9.3) 22,551
(11.1) (12.7)
Southern 2777 (1.9) 1259 (1.6) 567 (1.6) 2643 (1.5)
Africa
Table 2

Socio-demographic characteristics of undernourished children in the study
sample.

Study Stunting Wasting Underweight  Anaemia

Characteristics N= N= N = 36,297 N =
144,178 78,341 n (%) 177,625
n (%) n (%) n (%)

Gender

Male 77,806 42,219 19,825 (54.6) 91,764
54 (53.9) (51.7)

Female 66,372 36,122 16,472 (45.4) 85,861
(46) (46.1) (48.3)

Residence

Urban 33,021 17,540 9807 (27) 48,698
(22.9) (22.4) (27.4)

Rural 111,157 60,801 26,490 (73) 128,927
(77.1) (77.6) (72.6)

Mothers’ Age at

time of survey

<20 years 90,918 49,585 22,508 (62) 107,284
(63.1) (63.3) (60.4)

20-24 years 42,341 22,679 10,672 (29.4) 55,296
(29.4) (28.9) (31.1)

25-29 years 9510 (6.6) 5283(6.7) 2678 (7.4) 12,993

(7.3)
>30 years 1409 (1) 794 (1) 439 (1.2) 2052 (1.2)
Mothers’ Education
Level

No Education 69,086 44,603 21,093 (58.1) 86,424
(47.9) (56.9) (48.7)

Primary Education 50,625 22,508 8932 (24.6) 56,001
(35.1) (28.7) (31.5)

Secondary/Higher 24,458 11,228 6268 (17.3) 35,194
a7) (14.3) (19.8)

Missing 9 2 4 6

Wealth Status

Poor 80,127 45,659 19,574 (53.9) 87,236
(55.6) (58.3) (49.1)

Middle 29,129 15,065 6895 (19) 35,280
(20.2) (19.2) (19.9)

Rich 34,921 17,616 9828 (27.1) 50,363
(24.2) (22.5) (28.4)

Missing 1 1 4746 (2.7)

HEQ

Low 85,450 45,916 19,446 (53.6) 90,198
(59.3) (58.6) (50.8)

Medium 45,973 25,385 12,804 (35.3) 61,008
(31.9) (32.9) (34.3)

High 10,722 5978(7.6) 3531 (9.7) 23,178
(7.4) 13

Missing 2033 (1.4) 1062(1.4) 516 (1.4) 3241 (1.8)
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anaemic (54.8%) children. Southern Africa recorded the lowest pro-
portion of all the undernutrition outcomes; stunting (1.9%), wasting
(1.6%), underweight (1.6%) and anaemia (1.5%).

The socio-demographic characteristics of the undernourished chil-
dren in the study sample is presented in Table 2. Males had the highest
proportion of undernourished children across all study outcomes;
stunting (54%), wasting (53.9%), underweight (54.6%), and anaemia
(51.7%). Children residing in rural areas recorded the highest propor-
tion of undernourished children across all study outcomes; stunting
(77.1%), wasting (77.6%), underweight (73%), and anaemia (72.6%).
Mothers aged less than 20 years recorded the highest proportion of
undernourished children across all study outcomes; stunting (63.1%),
wasting (63.3%), underweight (62%), and anaemia (60.4%). Mothers
with no formal education recorded the highest proportion of under-
nourished children; stunting (47.9%), wasting (56.9%), underweight
(58.1%), and anaemia (48.7%). Poor households had the highest burden
of undernourished children; stunting (55.6%), wasting (58.3%), un-
derweight (53.9%), and anaemia (49.1%). Households with low HEQ
had the highest burden of undernourished children; stunting (59.3%),
wasting (58.6%), underweight (53.6%), and anaemia (50.8%).

Table 3 presents the average prenatal and postnatal PMj.5 exposure
levels among the undernourished children. Prenatal and postanal
exposure levels was highest in West and Central Africa for all study
outcomes. Paired t-tests revealed statistically significant differences
between prenatal and postnatal PMs.5 exposure for all undernutrition
outcomes and regions (p < 0.05), with most comparisons showing
highly significant differences (p < 0.001). Prenatal exposure was
generally higher than postnatal exposure with the most pronounced
differences observed in West Africa. PMj.5 exposure levels among chil-
dren who were not malnourished was similar across the undernutrition
types (Supplementary Table S2).

Table 4 presents odds ratio and their corresponding 95% credible
intervals (Crl) for the association between prenatal and postnatal PMy 5
exposure and the child undernutrition outcomes. A 10 pg/m? increase in
prenatal and postnatal PM, 5 exposure was associated with 11% (AOR =
1.11; 95% Crl: 1.04, 1.20) and 9% (AOR = 1.09; 95% CrL: 1.04, 1.15)
increased odds of stunting, respectively, in SSA. The increased odds of
stunting for both prenatal and postnatal PMj 5 exposure was highest in
West Africa. Spatial variation in PM» 5 exposure — stunting effects across
SSA countries is presented in Fig. 2 with notable differences in the effect
estimates observed across SSA countries. The observed spatial variation
is confirmed by the spatial heterogeneity analysis results presented in
Supplementary Table S4. The adjusted phi (¢) parameter which repre-
sents the proportion of variance attributed to structured spatial effects in
the INLA BYM2 model was 0.75 (95% CrI: 0.30, 0.98) for postnatal
exposure and 0.85 (95% Crl: 0.58, 0.99) for prenatal exposure in SSA.
The heterogeneity was particularly pronounced in East Africa which
recorded the highest adjusted ¢ of 0.53 and 0.54 for prenatal and
postnatal exposure, respectively (Supplementary Table S7).

A10 pg/m3 increase in prenatal and postnatal PM; 5 was associated
with a 5% (AOR = 1.05; 95% CrI: 0.99, 1.10) and 6% (AOR = 1.06; 95%
Crl: 1.02, 1.11) increased odds of wasting in SSA, respectively. The
observed association between prenatal PM, 5 and wasting were, how-
ever, not statistically significant. West Africa recorded the highest
increased odds of wasting for both prenatal and postnatal PM; 5 expo-
sure. Spatial variation in PM; 5 exposure — wasting effects across SSA
countries is presented in Fig. 2 with notable differences in the effect
estimates observed across SSA countries. The observed spatial variation
is confirmed by the spatial heterogeneity analysis results presented in
Supplementary Table S4. The adjusted ¢ for prenatal and postnatal
exposure across SSA countries was 0.20 (95% CrlI: 0.03, 0.73) and 0.24
(95% Crl: 0.01,0.85), respectively. The proportion of spatial heteroge-
neity varied with Central Africa recording the largest adjusted ¢ for both
prenatal and postnatal exposure (Supplementary Table S6).

No association was found between prenatal and postnatal PMj 5
exposure and underweight in SSA. In the sub-regional analysis, we
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Table 3
Average prenatal and postnatal PMj 5 exposure (ug/m>) among undernourished children.
Stunting Wasting Underweight Anemia
Prenatal Postnatal pvalue Prenatal Postnatal pvalue Prenatal Postnatal pvalue Prenatal Postnatal p value
Mean Mean Mean Mean Mean Mean Mean Mean
(SD) (SD) (SD) (SD) (SD) (SD) (SD) (SD)
All countries 35.7 (19) 35.1 <0.001 35.4 35.2 <0.001 35.5 35.2 <0.001 33.4 33.6 <0.001
(18.5) (18.8) (18.4) (18.8) (18.4) (15.3) (14.9)
West Africa 45.0 44.4 <0.001 44.5 43.9 0.001 44.5 43.9 <0.001 39.6 39.0 <0.001
(20.4) (19.7) (19.9) (19.2) (19.9) (19.2) (15.5) (14.8)
East Africa 22.8 (8.3) 22.6 (8.2) <0.001 23.1(8.2) 22.3(8.2) <0.001 23.1 (8.2) 22.9 (8.2) 0.003 25.3(9.8) 25.3 (9.9) <0.001
Central Africa 38.6 38.8 0.043 38.6 38.8 0.001 38.6 38.8 <0.001 38.5 38.7 <0.001
(15.3) (15.4) (15.9) (15.5) (15.4) (15.5) (16.3) (16.3)
Southern 21.8 (7.7) 21.3(7.4) <0.001 21.8 (7.6) 21.3 (7.6) <0.001 21.8 (7.6) 21.3(7.3) <0.001 25.2 (7.8) 24.2 (7.7) <0.001
Africa

p values from paired t-tests comparing mean prenatal and postnatal PM,.5 exposure within each undernutrition category.

SD: Standard Deviation

observed a positive association in Southern Africa for both prenatal and
postnatal PMj; s, and in West Africa for prenatal PMj 5. The associations
were, however, not statistically significant. Spatial variation in PMj 5
exposure — underweight effects across SSA countries is presented in
Fig. 2 with notable differences in the effect estimates across SSA coun-
tries. The observed spatial variation is confirmed by the spatial hetero-
geneity analysis results presented in Supplementary Table S4. The
adjusted phi (¢) parameter for prenatal and postnatal exposure across
SSA countries was 0.37 (95% CrlI: 0.08, 0.63) and 0.42 (95% CrlI: 0.12,
0.73), respectively. East Africa and Southern Africa recorded the highest
regional ¢ values (Supplementary Table S7 and S8).

No association was found between prenatal and postnatal PMj 5
exposure and anaemia in SSA. However, in Central Africa and Southern
Africa, both prenatal and postnatal exposures was associated with
decreased odds of anaemia. In Central Africa, the AORs were 0.85 (95%
Crl: 0.72, 1.00) for prenatal and 0.87 (95% CrI: 0.80, 0.98) for postnatal
exposure. In Southern Africa, the AORs were 0.76 (95% Crl: 0.59, 0.95)
for prenatal and 0.79 (95% CrI: 0.61, 0.96) for postnatal exposure.
Spatial variation in PMj; 5 exposure — anaemia effects across SSA coun-
tries is presented in Fig. 2 with notable differences in the effect estimates
across SSA countries. The observed spatial variation is confirmed by the
spatial heterogeneity analysis results presented in Supplementary
Table S4. The adjusted phi (¢) parameter for prenatal exposure across
SSA countries was very high (0.69; 95% CrI: 0.44, 0.94). For postnatal
exposure, the adjusted ¢ was 0.64 (95% CrI: 0.24, 0.92). Central Africa
and Southern Africa recorded the largest adjusted ¢ values (Supple-
mentary Table S6 and S8). The country-specific effect estimates for all
the studied outcomes are presented in Supplementary Table S9.

4. Discussion

This study represents the most comprehensive analysis to date on the
association between ambient PM5 5 exposure and child undernutrition in
sub-Saharan Africa (SSA). We found prenatal and postnatal PM; 5
exposure to be associated with child undernutrition in SSA. We observed
spatial heterogeneity in the PMj 5 exposure — child undernutrition ef-
fects between and within SSA countries.

4.1. Synthesis with previous evidence

Our results are consistent with a growing body of evidence impli-
cating air pollution exposure with adverse child undernutrition out-
comes. Prenatal and postnatal PM, s exposure was associated with
increased odds of stunting in SSA with the exposure — health effects
found to be highest in West Africa. Our finding are consistent with the
findings of other studies conducted on the continent (Amegbor et al.,
2023; deSouza et al., 2022; Clarke et al., 2022) that also found prenatal
PMo,.5 exposure to be associated with stunting. However, our estimates
are very robust with consideration for both within- and between-area

variation as against the fixed-effects models employed by deSouza
et al. (2022). Fixed-effects models are conservative by design, relying
only on within-unit variation and are highly susceptible to attenuation
bias when exposure is measured with error (Bell and Jones, 2015;
Wooldridge, 2010).

Postnatal PMj 5 was associated with increased odds of wasting in SSA
with West Africa recording the highest exposure — health effects. No
association was observed between prenatal and postnatal PMj 5 expo-
sure and underweight in SSA. The distinct biological mechanisms for the
two outcomes possibly explain the contrasting findings. Air pollution-
induced stunting arises from chronic exposure (Sinharoy et al., 2020)
whereas air pollution-induced acute malnutrition (wasting and under-
weight) may result indirectly from air pollution-induced respiratory
infections (Yang et al., 2020). It is therefore possible that, air pollution
was not very high enough to trigger respiratory illnesses and subse-
quently leading to wasting and underweight (Amir-ud-Din et al., 2024).

No association was found between prenatal and postnatal PMj 5
exposure and anaemia in SSA. However, in Central Africa and Southern
Africa, both prenatal and postnatal exposures was associated with
decreased odds of anaemia. Our findings is contrary to the findings of
Amegbor (2022) study which found a significant positive association.
The contrasting findings could be explained by differences in the
methodological approach by both studies. Amegbor (2022) study esti-
mated a single pooled effect for the entire continent whereas our
Bayesian spatial model incorporated a spatially varying random slope.
This robust approach allows the magnitude of the PMs.5 — anaemia
association to differ by country thereby revealing significant geographic
heterogeneity that a uniform effect model would otherwise mask.

The null findings in the anaemia analysis can also be attributed to
other important determinants such as iron deficiency, malaria, and
parasitic infections which are highly prevalent in SSA (Amegbor, 2022)
and for which we had no data to control for their confounding effects.

4.2. Spatial heterogeneity

The geographic patterning of PMs.5 effects reveals distinct spatial
signatures across all the child undernutrition outcomes studied. Stunting
demonstrates notable continental clustering; ¢ = 0.85 and 0.75 for
prenatal and postnatal exposure, respectively (Supplementary Table S4)
and is a suggestion that impairment of chronic growth follows macro-
regional environmental gradients like transboundary pollution and
shared climate patterns. In contrast, wasting and underweight show
minimal spatial structure with ¢ between 0.20 and 0.42 (Supplementary
Table S4) and is a suggestion that these acute malnutrition outcomes
respond primarily to localized household-level factors rather than
regional PMs.5 exposure. Anaemia presents an intermediate spatial
profile (¢ = 0.64-0.69) and reflects hybrid regional environmental and
local biological influences where PMs.5 likely interacts with nutritional
and parasitic determinants. (Ansah et al., 2024; Berg et al., 2024;
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Table 4
Association between Prenatal and Postnatal PM, s Exposure and Child Under-
nutrition in Sub-Saharan Africa.

Outcomes Regions Prenatal Exposure Postnatal Exposure
Crude Adjusted Crude Adjusted
OR OR (95% OR OR (95%
(95% Crl) (95% Crl)
Crl) Crl)

Stunting All 1.12 1.11 (1.04, 1.10 1.09 (1.04,

countries (1.03, 1.20) (1.04, 1.15)

(n =34) 1.21) 1.16)

West 1.23 1.20 (1.14, 1.26 1.22 (1.16,

Africa (1.16, 1.27) (1.19, 1.29)

n=14) 1.29) 1.34)

East Africa  1.03 1.04 (0.94, 1.00 1.02 (0.95,

(n =12) (0.91, 1.16) (0.92, 1.08)
1.15) 1.07)

Central 1.07 1.07 (0.98,  0.97 0.95 (0.93,

Africa (0.97, 1.18) (0.91, 1.05)

(n=5) 1.20) 1.05)

Southern 0.94 0.93(0.77,  0.95 0.93 (0.80,

Africa (0.78, 1.13) (0.81, 1.12)

(n=3) 1.16) 1.14)

Wasting All 1.05 1.05 (0.99, 1.07 1.06 (1.02,

Countries (0.99, 1.10) (1.02, 1.11)

(n =34) 1.11) 1.13)

West 1.17 1.14 (1.09, 1.19 1.16 (1.10,

Africa (1.11, 1.21) (1.12, 1.22)

(n=14) 1.23) 1.26)

East Africa  0.95 0.94 (0.88, 1.01 1.01 (0.95,

n=12) (0.86, 1.01) (0.94, 1.08)
1.00) 1.08)

Central 1.03 1.03(0.94, 0.95 0.96 (0.91,

Africa (0.93, 1.12) (0.89, 1.03)

(n=25) 1.13) 1.05)

Southern 1.00 1.02 (0.85, 1.05 1.05 (0.86,

Africa (0.84, 1.23) (0.86, 1.29)

(n=3) 1.21) 1.29)

Underweight All 0.98 0.98 (0.92, 0.98 0.95 (0.88,
Countries (0.92, 1.04) (0.90, 1.03)
(n=34) 1.05) 1.06)

West 1.07 1.06 (0.99, 0.96 0.95 (0.87,

Africa (0.99, 1.13) (0.88, 1.03)

n=14) 1.15) 1.05)

East Africa  0.89 0.90 (0.80, 0.94 0.95 (0.84,

(n =12) (0.79, 1.00) (0.83, 1.08)
0.99) 1.07)

Central 0.97 0.97 (0.87,  0.98 0.98 (0.89,

Africa (0.87, 1.07) (0.90, 1.08)

(n=5) 1.07) 1.08)

Southern 1.02 1.05 (0.82, 1.09 1.10 (0.88,

Africa (0.79, 1.33) (0.87, 1.38)

(n=3) 1.29) 1.37)

Anaemia All 0.96 0.96 (0.89,  0.97 0.97 (0.87,

Countries (0.88, 1.05) (0.87, 1.08)

(n =33) 1.05) 1.08)

West 1.05 1.03 (0.96, 1.04 1.02 (0.94,

Africa (0.97, 1.10) (0.96, 1.10)

(n=14) 1.12) 1.13)

East Africa  1.02 1.03 (0.94, 1.03 1.03 (0.88,

n=11) (0.93, 1.13) (0.87, 1.22)
1.12) 1.22)

Central 0.84 0.85(0.72, 0.86 0.87 (0.80,

Africa 0.71, 1.00) (0.79, 0.98)

(n=05) 0.99) 0.98)

Southern 0.76 0.76 (0.59, 0.78 0.79 (0.61,

Africa (0.59, 0.95) (0.61, 0.96)

n=4) 0.96) 0.97)

OR: Odds Ratio, Crl: Credible Interval.

Model adjusted for mother’s age at birth, maternal residence (urban vs. rural),
maternal educational level, household wealth status, and household environ-
mental quality.
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Strachan et al., 2023).

The study findings should, however, be interpreted with caution
considering the methodological limitations of the modelling approach.
The limited number of spatial units in the sub-regional analysis violates
the fundamental requirements for reliable ¢ estimation resulting in
unreliable statistical estimates as depicted by the wide width of the
credible intervals which exceeds 0.50 (Riebler et al., 2016; Shi et al.,
2019; Sommet and Morselli, 2017). In light of this, while the continental
stunting patterns suggest meaningful spatial signals, the sub-regional
estimates do not.

Notwithstanding these limitations, the observed spatial patterns
align with the mechanistic understanding of undernutrition. The wide
geographic distribution of stunting across sub-Saharan Africa is a
reflection of its chronic nature for which the role of long-term exposure
to environmental stressors such as PMs.5 exposure cannot be down-
played and is supported by the hypothesis that air pollution is a
persistent physiological stressor that impairs linear growth over time
(Pun et al., 2021; Sinharoy et al., 2020). In contrast, the observed lack of
association of PMj 5 with underweight and anaemia likely reflects its
acute and multifactorial etiology. Underweight is a composite indicator
that is influenced by transient factors such as food insecurity and illness
(Atalell et al., 2022; Khezri et al., 2025). The determinants of anaemia
include nutritional deficits, genetic predispositions, and endemic para-
sitic infections which may overshadow the effects of air pollution
(Chaparro and Suchdev, 2019).

4.3. Regional differences in PMa s composition and sources

A key finding of this study is the significant regional variation in the
association between PM,.5 and child undernutrition with the risk being
more pronounced in West Africa. This marked difference likely reflects a
synergy between regionally distinct pollution profiles and underlying
health burden which underscores the principle that PMs.5 is not a uni-
form pollutant (Liang et al., 2022). The toxicity of particulate matter is
intrinsically linked to its chemical composition which is determined by
its source. In West Africa, a major contributor to PMs.5 mass is wind-
blown mineral dust from the Sahara Desert which is transported by
Harmattan winds whereas in other sub-regions, the pollution mixture is
influenced heavily by residential biomass burning (De Longueville et al.,
2013; Doumbia et al., 2023; Health Effects Institute, 2022).This het-
erogeneity is critical because a microgram of PMa.5 from desert dust
does not exert the same biological effect as a microgram from industrial
or biomass combustion sources (Alves et al., 2023; Jia et al., 2017). The
specific chemical signature of pollutants dictates their health impact.
Mineral dust for instance can be rich in transition metals and silica
which are potent inducers of oxidative stress and pulmonary inflam-
mation (He et al., 2019; Jomova and Valko, 2011). This suggests that the
excess risk for stunting and wasting observed in West Africa may be
attributable to the specific toxic properties of Saharan dust. Epidemio-
logical evidence has linked Saharan dust exposure to adverse health
outcomes including an increased incidence of respiratory symptoms in
children which can indirectly compromise nutritional status by sup-
pressing appetite and increasing susceptibility to infection (McElroy
et al., 2022).

4.4. Validity of results

The present study is the most comprehensive and large-scale inves-
tigation to date in SSA on the exposure-response relationship between
ambient PMy 5 and child undernutrition. DHS surveys are nationally
representative surveys with very large sample size and assures gener-
alizability of the study findings. However, the high proportion of chil-
dren with no anthropometric data and excluded from the study as a
result has implications for external validity of the study findings.

The study deployed a fully Bayesian spatial framework that in-
tegrates the Besag—York-Mollié 2 (BYM2) model within the Integrated
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Fig. 2. Spatial Variation in the Association between PM, s Exposure and Child Undernutrition Outcomes in Sub-Saharan Africa. (A) Stunting, (B) Wasting, (C)

Underweight, and (D) Anaemia.

Nested Laplace Approximation (INLA) framework to help account for
spatial autocorrelation and better investigate the spatially varying ef-
fects. A spatially random slope was introduced into the model to allow
the PMy.5 and child undernutrition relationship to vary across countries,
and enabled formal quantification and mapping of spatial heterogeneity
of the effect estimates. The BYM2 model compatibility with INLA per-
mits efficient Bayesian inference and enables flexible specification of
complex hierarchical relationships while leveraging default penalized
complexity priors to guard against overfitting (Simpson et al., 2017). By
embedding spatial smoothing within a multi-level mixed-effects frame-
work, our approach yielded a more accurate localized estimates of air
pollution effects on child undernutrition. In summary, our approach
allowed us to quantify country- and regional-level effects whilst
revealing how spatial dependence shapes the distribution of PMg 5 —
child undernutrition risk in SSA.

The study has some limitations which are worth pointing out. The
cross-sectional design of DHS surveys means temporality cannot be
established and threatens validity of the study findings. The reliance on
satellite-derived ambient PM,.5 concentrations is subject to measure-
ment error with potential exposure misclassification. Prenatal PMj 5
exposure assessment assumes that the study mothers stayed at the res-
idential address at the time of the survey throughout the duration of
pregnancy. This situation is likely not the case for some of the study
mothers with potential exposure misclassification. In estimating pre-
natal exposure to PM; 5, we assumed the duration of all pregnancies to
be nine months with potential exposure misclassification. This is
because DHS surveys do not collect information on the duration of
pregnancy. We assigned 1998 monthly PMs 5 averages to children born
in early 1997 (i.e. up to three prenatal months in 1997) assuming
minimal temporal variation across adjacent years. Exposure misclassi-
fication bias is also likely with this approach. However, considering the
small group of children affected, the overall impact is likely minimal.

The DHS surveys rely on maternal self-report of sociodemographic
and health history with potential for recall bias. Confounding bias is also
likely in the study from the inability to adjust for important covariates
such as malaria and other infections during pregnancy, pregnancy

disorders (i.e. gestational diabetes, preeclampsia and other hypertensive
disorders), pre-pregnancy BMI, nutritional status during pregnancy,
alcohol intake during pregnancy, and passive and active smoking during
pregnancy.

We checked for multicollinearity in our model by calculating the
Variance Inflation Factors (VIF) for all the study outcomes using
generalized linear model. We found all the VIF values to be below 5
which suggests no significant multicollinearity concerns in the study
(Supplementary Table S3). Besides, we adjusted for the PM; 5 exposure
by subtracting the country average (i.e. centering of PMjy 5 exposure)
which ensured that the individual-level exposure data where less related
to the aggregate spatial effects. The centering of PM; 5 exposure helped
to avoid confusion among potentially correlated covariates whilst also
addressing spatial confounding (Enders and Tofighi, 2007). Also, the
weakly informative PC priors that we choose ensured regularization
which enhanced numerical stability in the parameter estimation in the
presence of correlated covariates.

5. Conclusions

We provide evidence of wide spatial heterogeneity in PM; 5 effects
on child undernutrition in SSA and underscores the need for
geographical considerations in the development of interventions for
addressing air pollution health effects. We have shown that deploying a
“one-size-fits-all” approach for addressing air pollution effects on child
health in SSA will not be effective and calls for region-specific strategies.
To better inform these region-specific strategies, we have provided
interactive web maps of country-specific and region-specific effect es-
timates (https://dice-aims1.github.io/AIM-1/) and we recommend that,
they guide the work of children’s environmental health practitioners in
countries. The findings of this study will have profound implications for
children’s environmental health policy and practice in SSA.
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