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Abstract
Acute malnutrition affects a sizeable number of young children around the world, 
with serious repercussions for mortality and morbidity. Among the top priorities in 
addressing this problem are to anticipate which children tend to be susceptible and 
where and when crises of high prevalence rates would be likely to arise. In this arti-
cle, we highlight the potential role of conflict and climate conditions as risk factors 
for acute malnutrition, while also assessing other vulnerabilities at the individual- 
and household-levels. Existing research reflects these features selectively, whereas 
we incorporate all the features into the same study. The empirical analysis relies on 
integration of health, conflict, and environmental data at multiple scales of obser-
vation to focuses on how local conflict and climate factors relate to an individual 
child’s health. The centerpiece of the analysis is data from the Demographic and 
Health Surveys conducted in several different cross-sectional waves covering 2003–
2016 in Kenya, Nigeria, and Uganda. The results obtained from multi-level statis-
tical models indicate that in Kenya and Nigeria, conflict is associated with lower 
weight-for-height scores among children, even after accounting for individual-level 
and climate factors. In Nigeria and Kenya, conflict lagged 1–3 months and occur-
ring within the growing season tends to reduce WHZ scores. In Uganda, however, 
weight-for-height scores are primarily associated with individual-level and house-
hold-level conditions and demonstrate little association with conflict or climate 
factors. The findings are valuable to guide humanitarian policymakers and practi-
tioners in effective and efficient targeting of attention, interventions, and resources 
that lessen burdens of acute malnutrition in countries prone to conflict and climate 
shocks.
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1 Introduction

Worldwide, nearly half of the deaths of children below 5 years of age result from 
malnutrition (WHO, 2020). Of particular concern is acute malnutrition, char-
acterized by a sudden, rapid decrease in caloric intake resulting in a reduced 
weight-for-height z-score (WHZ) or in wasting (WHZ < −2) (UNICEF/WHO/
World Bank, 2019). While low WHZ is broadly associated with food insecurity 
and insufficient caloric and nutritional intake, research has shown that conflict 
and climate conditions may increase the risk of malnutrition by acting through 
factors (e.g., reduced agricultural production, reduced access to markets and 
health/humanitarian aid) more directly related to food security (Delbiso et  al., 
2017, Thiede & Stube, 2020, Phalkey et al., 2015, Baker & Anttila-Hughes, 2020, 
Martin-Shields & Stojetz, 2019). Researchers generally evaluate how food secu-
rity and malnutrition are affected by conflict conditions (e.g., George et al. 2020, 
Dunn, 2018; Corley, 2021) or by climate conditions (e.g., Amegbor et al., 2020; 
Baker & Anttila-Hughes, 2020; Niles & Brown, 2017; Thiede & Strube, 2020) 
and rarely directly consider situations where conflict events and climate extremes 
occur together (Delbiso et  al., 2017 and Rowhani et  al., 2012 provide notable 
exceptions).

These distinct areas of research use a range of different methods and datasets to 
explore the idea that climate or conflict factors disrupt the food system and may 
lead to an increase in household-level food insecurity and malnutrition. However, 
it is not clear what happens to food security and child health when a poor agricul-
tural season occurs at the same time and in about the same place as a violent con-
flict event (Justino, 2011). In other words, when violent conflict occurs during a 
poor growing season does that strain the food system and increase food insecurity 
even further than if either a drought or a conflict occurred alone? Furthermore, 
can we gain insight into the spatial and temporal variation in acute childhood 
malnutrition—an outcome of food insecurity and an important underlying com-
ponent of mortality—when we consider the relationship between WHZ, armed 
conflict, and local climate factors together?

In this analysis, we evaluate the relationship between individual-level WHZ 
and recent community-level climate conditions, growing season conditions, and 
regional-level conflict conditions. In an effort to advance understanding of how 
these relationships may vary depending on the setting, we compare results across 
three sub-Saharan African countries with unique histories of conflict: Nigeria, 
Kenya, and Uganda. The countries share important characteristics relevant to this 
analysis, including relatively high and persistent rates of acute malnutrition, as 
well as spatially varying land use and climate and conflict conditions. We con-
duct a comparative analysis across and between countries to allow for discussion 
of both the general trends that might explain variation in WHZ while exploring 
context-specific relationships between conflict, climate and child health.

To conduct this analysis, we use several rounds of individual-level, spatially 
referenced cross-sectional survey data from recently collected Demographic and 
Health Surveys (DHS), providing large and nationally representative samples 
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of WHZ. Violent conflict data come from the Uppsala Conflict Data Program 
(UCDP) and capture sub-national, regional-level lethal events in the context of 
violent conflict involving organized armed actors (state and/or non-state forces). 
Climate data come from several different sources capable of capturing relatively 
fine-scale variation in conditions over time and space. Regression analyses that 
consider a range of individual- and household-level factors in addition to the cli-
mate and conflict conditions are estimated for each country.

2  Background

2.1  Acute Malnutrition

Acute malnutrition occurs because of sudden and rapid change in nutrition and 
caloric intake and can be identified through wasting or a reduction in a child’s 
WHZ. According to recent global estimates, 17 million children under age 5 were 
categorized with severe acute malnutrition and another 32 million were categorized 
with moderate acute malnutrition (UNICEF/WHO/World Bank, 2019).1 Differing 
from other forms of malnutrition (e.g., stunting), treatments exist that can move 
children out of the wasted categorization and into a healthy weight for their height 
(UNICEF/WHO/World Bank, 2019). Because wasting increases mortality risk, but 
can also be successfully treated, researchers and policymakers continue to work to 
identify different risk factors associated with wasting to support effective interven-
tions. Through empirical research and policy efforts, a number of broadly relevant 
and widely used frameworks have emerged to help identify key areas for interven-
tions (Hall et al., 2011; Kandala et al., 2011; Bhutta et al., 2017, UNICEF/WHO/
World Bank, 2019). In particular, the popular framework of the United Nations Chil-
dren’s Fund (UNICEF) organizes factors into three categories: (1) immediate causes 
involving dietary intake and disease at an individual level, (2) underlying causes 
related to food security, care practices, and hygiene environments at household or 
community levels, and (3) basic causes such as political and economic conditions, 
land use, and education, at sub-national regional, country or international levels 
(UNICEF/WHO/World Bank, 2019).

While the UNICEF framework reflects an integration of different factors across 
scales, existing research has typically focused either on more micro-level factors (as 
in categories 1 and 2) or on macro-level factors (as in category 3). Projects that focus 
primarily on the macro-level patterns risk over-generalizing and may miss important 
within-group heterogeneity (Arora-Jonsson, 2011; Hallegatte & Rozenberg, 2017), 
while those, often smaller-scale, studies that focus primarily on individual-level var-
iation may struggle to identify the underlying and basic factors associated with child 
health and to situate their findings beyond the specific research setting (Prado et al., 

1 When a child’s WHZ is more than 3 standard deviations below the reference mean they are said to be 
severely wasted, when the WHZ is 2 standard deviations below the mean, they are said to be moderately 
wasted (UNICEF/WHO/World Bank, 2019).
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2019, Phalkey et al., 2015). A rapidly emerging body of literature aims to consider 
the individual within context, with attention to how contextual factors measured at 
different spatial scales may be useful for understanding the complex and multi-sca-
lar processes underlying individual-, community- and regional-level health variation 
(e.g., Amegbor et al., 2020; Corley, 2021; Delbiso et al., 2017; Rowhani et al., 2012; 
Thiede & Strube, 2020; Thiede et al., 2020). This paper seeks to contribute to this 
emerging literature.

2.2  Conflict Events, Climate Conditions and Child Health

Conflict and climate conditions are regularly linked to food security, nutrition, and 
health outcomes, including wasting, using the UNICEF and other related frame-
works (Thiede & Strube, 2020; Phalkey et  al., 2015; Brown et  al., 2020; Corley, 
2021; Justino, 2011; Hill et al., 2019). The specific pathways and linkages explored 
when evaluating these different external factors and outcomes vary because of dif-
ferent data, analytic goals, and disciplinary perspectives. In general, researchers pro-
pose that adverse climate conditions reduce cropped and harvested area and also 
reduce agricultural yields. Conflict conditions may create significant challenges 
when individuals and families try to buy or sell food and livestock from local mar-
kets (Justino, 2011, Verpooten, 2009, Corley, 2021). In terms of specific impacts on 
child health, researchers find that warmer, dryer climate conditions in sub-Saharan 
Africa are generally associated with adverse child health outcomes in terms of wast-
ing, stunting, or related nutrition outcomes (Cooper et al., 2019, Thiede & Strube, 
2020, Davenport 2017). Empirical studies have detected greater rates of chronic 
malnutrition among children in settings affected by armed conflict in several African 
countries, including Burundi (Bundervoet et al., 2009), Ethiopia and Eritrea (Akresh 
et  al., 2012), Cote d’Ivoire (Minoiu & Shemyakina, 2014), and Rwanda (Akresh 
et al., 2011) and increased risk of acute malnutrition in Nigeria (Dunn, 2018; How-
ell et al., 2018) and Somalia (Kinyoki et al., 2017). Research of armed conflict and 
agricultural labor demands shows that separately these factors may adversely impact 
the care environment with a negative impact on food and nutrition outcomes (Betan-
court & Khan, 2008; Gates et al., 2012; Mansour & Rees, 2012; Randell et al., 2020, 
2021).

Depending on the type of data used and the specific research design, considering 
place-based factors related to conflict and climate helps to situate individuals within 
their unique contexts, as in the UNICEF structure, while also allowing for discus-
sion of relationships between variables (Amegbor et al., 2020; Corley, 2021; Prado 
et al., 2019). Integration across scales implies that not all households or individuals 
exposed to the same contexts or macro-level conditions will necessarily experience 
the same health outcomes. This approach also suggests that how factors are defined 
and measured in each level of the UNICEF framework may also be dependent on the 
place and time (Harris and Nisbet, 2020, Prado et al., 2019; Amegbor et al., 2020; 
Rowhani et al., 2012). What this means in practice is that the way conflict and cli-
mate factors relate to individual-level WHZ and wasting outcomes may vary over 
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space and time and may be exacerbated or mitigated by dynamic conditions (e.g., 
disease or available resources).

One of the ongoing discussions in climate-health and conflict-health research 
is using appropriate spatial and temporal aggregation strategies. In fact, related 
research uses vastly different aggregation approaches when considering these expo-
sures (see Phalkey et al., 2015, Buhaug, 2015; Jia et al., 2019; Thiede et al., 2020; 
Rowhani et al., 2012; Delbiso et al., 2017). Therefore, ambiguity still exists about 
the ideal time frame for considering climate or conflict impacts on child health. 
Recent efforts in a small selection of countries have highlighted that for food secu-
rity outcomes, locally occurring slow-onset events like drought will generally begin 
to modify household consumption and impact some nutrition outcomes within about 
5–11 months after the growing season (Hill et al., 2019). For rapid-onset disasters 
(like earthquakes), the timing and spatial footprint of the impact will vary based on 
magnitude of the event and the impact on local infrastructure and the presence of 
factors like humanitarian aid. The impact from violent conflict on individual-level 
nutrition may occur without much of a temporal lag but will depend on local and 
individual-level vulnerabilities (Hill et al., 2019).2 In all cases, timing, spatial extent, 
and local vulnerabilities are important to consider to advance the scientific under-
standing of the processes underlying acute malnutrition and to help identify the key 
windows for humanitarian interventions to reduce morbidity and mortality among 
those with the greatest needs.

Here we consider climate factors at the scale of the community (10 km)—a finer-
scale of analysis that acknowledges that spatial heterogeneity in rainfall, temperature 
and growing season conditions in the three countries. Much of the related research 
uses significantly coarser data, approximately 5–10 times coarser than our climate 
measures (e.g., Thiede & Strube, 2020). We also employ a relatively extreme meas-
ure of conflict: violent armed conflict associated with a lethal event at the regional-
level scale (subnational administrative level 1). Other approaches used in the lit-
erature vary dramatically and include considering all reported events, regardless 
of magnitude, using binary presence-absence indicators (e.g., Delbiso et al., 2017; 
Dunn, 2018) versus those approaches that focus only on significant levels of battle-
related deaths (> 25 per annually) (Rowhani et al., 2012). We choose a measure of 
conflict that falls somewhere between these two extremes—at least one fatality from 
a violent event—and count the number of these events within the region. The reason 
for this measure is because armed conflict leading to a lethal event may be more 
likely to change behaviors and access to agricultural plots and markets, and result in 
reduced food availability or access. Using an event count, rather than a binary (yes/
no) indicator may also allow us to consider the intensity of exposure to conflict in an 
area as well.

In terms of the temporal dimension, most variables are collected at the time of 
survey for each individual child (between ages 24–59  months of age). Given the 

2 The conflict analysis mentioned here is based on only one case: Somalia. Because of Somalia’s “frag-
ile” status at the time of the conflict period the immediate impacts on nutrition of conflict may be specific 
to this unique case.
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potential for temporal lags between conflict events or the growing season and mal-
nutrition outcomes, we match children to local conditions with attention to specific 
time frames. WHZ is sensitive to very recent changes and children are able to regain 
weight lost, we focus on conflict conditions that occur relatively close in time to 
the survey date (within 6 months). We further explore the conflict-WHZ relation-
ship using two different time lags—1–3 month and 4–6 month lags—of the count of 
events of violent conflict within the region. The idea is that impacts on acute malnu-
trition of violent conflict could appear very soon after the event or after a short delay 
if food and health services are interrupted for several months. We also consider the 
quality of the most recent growing season as part of the potential for a sub-opti-
mal growing season to increase food insecurity. Finally, because climate conditions 
like flooding and high temperatures can have immediate impacts on WHZ (Delbiso 
et al., 2017; Thiede & Strube, 2020), we include average climate conditions of the 
3 months before the survey. Our approach aims to advance discussion of the indi-
vidual-level vulnerabilities, specifically with how recent conditions relate to acute 
malnutrition, in a context of climate change and in the presence of violent conflict. 
Including factors at different scales and time periods provides insight into the ques-
tions of which sub-national geographic areas—and within those areas, which spe-
cific households and children—are more likely to experience acute malnutrition.

3  Setting

In this study, we include three African countries: Kenya, Nigeria, and Uganda. In 
all three countries, child malnutrition, food security, and land use vary spatially 
(Akombi et al., 2019; Amegbor et al., 2020; Grace et al., 2012). Each country has a 
history of armed conflict, exhibits a food system significantly dependent on locally 
grown, rain-fed crops, and faces persistent child malnutrition. In Nigeria, the south-
ern regions are hot and wet most of the year with a long wet-season, whereas regions 
in the north having an extended dry season from October to April. In Kenya, the 
long and short rains characterize the highly populated temperate subtropical climate 
in the southwest highlands, and a much dryer climate in the north and east. Similar 
to Kenya, Uganda has two rainy seasons, but is in general semi-humid with some 
regions receiving up to 2200 mm of rain (see FEWS NET livelihood zone descrip-
tions for more details for within-country variation).

Conflict also varies spatially and temporally within each country—with the 
armed conflict events observed in this study outcomes of different political events, 
state-sponsored violence and within-country dynamics between groups (see Thiesen 
et al., 2012, Adano et al., 2012) Kenya has been comparatively peaceful with some 
recurrent conflict events in the North and Northeast (Thiesen et  al., 2012). In 
Uganda—especially the North and Eastern areas of the country—significant violent 
conflict has been present since the 1960s up through at least 2010 (Kandel, 2016). In 
Nigeria, the year 2000 brought a shift in political leadership and increasing tension 
between religious groups resulting in increasing violent conflict events across much 
of the country with Boko Haram becoming more violent towards civilians beginning 
about 2010 (Dorff et al., 2020; Dunn, 2018).



335

1 3

Conflict and Climate Factors and the Risk of Child Acute…

4  Methods and Measures

4.1  Data

In the analysis, we use a combination of cross-sectional and time-varying 
data drawn from multiple sources, summarized in Table  1. The DHS provides 
cross-sectional data on anthropometric measures for children and other indica-
tors of health, demographic, and socio-economic characteristics of individuals, 
families, households, and communities. We use multiple waves of the DHS that 
were conducted in Kenya (2003, 2008, 2014), Nigeria (2003, 2008, 2013) and 
Uganda (2006, 2011, 2016). We include all children surveyed between the ages 
of 24–59  months. The reason we use this age range is because the DHS con-
tains the most detailed information on child health for children under 60 months 
old. We exclude the youngest children (under 24  months) even though wasting 
levels may be relatively high within this age group. We exclude this age group 
because breastfeeding behaviors may vary significantly with notable impacts on 
child health (Randell et  al., 2021). The DHS information on breastfeeding does 
not contain sufficient detail to evaluate frequency, duration, and other care factors 
vital to growth of children under 24 months.

The Uppsala Conflict Data Program’s Georeferenced Event Dataset (UCDP-
GED) Version 19.1 (Högbladh, 2019; Sundberg & Melander, 2013) supplies 
the data on conflict. UCDP-GED comprehensively captures events of organ-
ized armed violence that occurred during conflicts active around the world since 
1989. An event is “an incident where armed force was used by an organized actor 
against another organized actor, or against civilians, resulting in at least one direct 
death at a specific location and a specific date” (Högbladh, 2019). The dataset 
includes the georeferenced location and specific date of each event, the type of 
the conflict (state-based conflict, non-state conflict, or one-sided violence), the 
actors involved, the severity (measured in terms of battle-related fatalities), and 
other descriptive information. In the related literature on health and conflict pre-
viously cited, a range of different conflict measures are employed and explored 
for different purposes and with no clear consensus on measures (see Eklund et al., 
2017 and Koren et al., 2018). We specifically focus on armed conflict and lethal 
events as a relatively narrow and severe form of conflict (versus cattle raids or 
urban demonstrations, for example) with the idea that this type of conflict may 
be the most disruptive to local agriculture and food systems. Spatial details on 
the location of conflict events are varied, in part because of the data collection 
process. Ultimately, the finest reliable spatial detail for the data is the region-
level (subnational administrative level 1). Please see a longer description in the 
“Appendix” about the spatial detail of the conflict data.

The Climate Hazards InfraRed Precipitation with Stations (CHIRPS) dataset 
provides daily precipitation at a 0.05º × 0.05º degree spatial resolution (~ 5  km2) 
around the world (Funk et al., 2015). US and international agencies (e.g., Famine 
Early Warning System Network (FEWS NET)) routinely use the CHIRPS data 
set to monitor drought and food insecurity. Also, the recently developed Climate 
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Hazards InfraRed Temperature with Stations (CHIRTSmax) dataset provides 
daily maximum temperature with the same spatial resolution and global coverage 
(Funk et al., 2019, Verdin et al., 2020). This resource, which leverages remotely 
sensed infrared radiation temperatures to estimate two-meter air temperatures, is 
demonstrated to have excellent measurement performance, most notably in data-
sparse regions such as sub-Saharan Africa (e.g., see usage notes in Funk et  al., 
2019; Tuholske et al., 2021). We rely on CHIRPS and CHIRTSmax to derive spa-
tially and temporally varying indicators capturing climate conditions near to the 
date of interview.

We also use annual seasonal maximum of the Normalized Difference Vegeta-
tion Index (NDVI) from NASA’s Moderate Resolution Imaging Spectroradiometer 
(MODIS). This fine-grained measure of vegetation vigor allows for a direct measure 
of above ground biomass as related to agro-climatic growing conditions during the 
primary growing season (as indicated by FEWS NET’s growing season calendars). 
NDVI describes the state of vegetation and has been shown to correlate well with 
deviations in crop yield, though performance is variable by region (Vrieling et al., 
2008). A common practice is to use community-level aggregate NDVI as a proxy 
for local-scale crop health and agricultural production of food (Petersen, 2018, Teal 
et al., 2006, Brown & de Beurs, 2008, Shukla et al., 2021, Grace et al., 2021).

We use livelihood zone data from the Famine Early Warning System (FEWS 
NET). These zones capture general food and income characteristics of an area 
(http:// fews. net/). The FEWS NET zones provide more detail (on specific types of 
crops and livestock, for example) than is necessary for this project and we instead, 
aggregate the zones into broad categories. The categories themselves and zone 
aggregations vary somewhat by country, in our case the Uganda zone includes 
more information on “urban” areas than the other two countries, for example, but in 
general they differentiate between those households with a greater dependence on 
cropping (agriculturalists), from those that are more likely dependent on livestock 
(pastoralists), from those engaged with both livestock and crops (agropastoralists). 
The FEWS NET zone reports also provide information on the key growing season 
months for each country used to calculate seasonal maximum NDVI.

Aggregated livelihood zones and growing season calendars have been used in 
studies of children’s health and climate in the developing world (e.g., Bakhtsiyarava 
et al., 2018; Davenport et al., 2020; Hill et al., 2019; Randell et al., 2021). While not 
everyone within a particular zone is equally engaged in the same strategy to procure 
food or income, the data provide a way of gauging differences among geographic 
areas that may condition the impact and timing of climatological and conflict factors 
on economic and food production strategies.

4.2  Spatially Merging Data

The DHS is spatially referenced at the level of the survey cluster. Global Position-
ing System (GPS) coordinates are collected and publicly released for locations of 
clusters where surveys are administered. Each cluster consists of a number of house-
holds that participated in the survey, spread across one or more populated places 

http://fews.net/
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within a geographic area. To maintain confidentiality, the location of the survey 
cluster is randomly displaced. Most coordinates for clusters in rural locations are 
displaced by up to 5 km in any direction; a random sample of 1% of rural clusters 
are displaced by up to 10 km. For urban clusters, the displacement is up to 2 km.

DHS recommends that researchers average any environmental data over a 
5–10 km buffer around the coordinates of each DHS rural cluster, with the expecta-
tion that the specific community where households were sampled will fall some-
where within this buffer (Perez-Heydrich et  al., 2016). The three environmental 
indicators – rainfall, temperature, and NDVI—are calculated by averaging across the 
area (using a 10 km buffer) around each offset DHS survey cluster GPS point. As 
previously, noted, considering climate/environmental variability at the level of the 
DHS community allows for comparisons across communities (Randell et al., 2020) 
and differs from some of the more coarse-scale analysis, providing greater insight 
into the “on-the-ground” conditions (Tuholske et al., 2021). The cluster’s offset GPS 
point is also matched to regional and livelihood-level boundaries to merge with the 
data on conflict and livelihood zones. For merging with administrative regions or 
livelihood zones, we use whichever region or zone contains the publicly released 
point. In Fig. 1, we show maps of the DHS clusters and include regional boundaries 
for each country. 

4.3  Measures

Table 2 summarizes the data, by country, for all the variables used in our analysis. 
Variables are grouped by the level of measurement in the multi-scalar structure of 
the analysis. For each variable, we report means or percentages as appropriate. The 
dependent variable in our analysis is a child’s WHZ from the DHS data.

Fig. 1  DHS clusters and regional boundaries (first-order administrative division) for Kenya, Nigeria, and 
Uganda (in order)
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Table 2  Summary information of variables included in the analysis

*For Uganda, We use the livelihood zone coding for urban versus rural. For Kenya and Nigeria we use 
the DHS coding for urban

Variables Kenya Nigeria Uganda

Men % Men % Men %

Weight-for-height z-score  − 0.18  − 0.27 0.13
Sub-national regional (ADMl) level
Conflict events 1–3 months prior (count) 3.32 1.07 0.2
Conflict period overlaps with growing season (yes) 35 47 89
Conflict events 4–6 months prior (count) 2.59 1.09 0.19
Conflict period overlaps with growing season (yes) 30 49 82
DHS Survey cluster (community) level
Temperature degrees Celcius (average maximum 

temperature 3 months before survey)
29.35 35.36 28.89

Precipitation (mm) (average maximum temperature 
3 months before survey)

93.89 59.93 118.03

NDVI (during previous growing season) 0.65 0.57 0.72
Rural place of residence 72 67 84
Livelihood zone (agricultural) 50 70 25
Agroplastoral 28 16 58
Fishing 7 11 5
Pastoral 15 3 2
Urban* – – 10
Household level
Toilet facility (none) 23 31 12
Flush 8 14 2
Non-flush 69 55 86
Drinking water (piped) 29 10 16
Well 25 61 65
Surface 42 24 18
Other 4 5 1
Finished floor 32 60 24
Electricity 18 46 17
Mother level
Age (years) 29.63 30.39 30.03
Education (none) 21 46 17
Primary 55 23 63
Secondary + 24 31 20
Child level
Age (months) 40.97 40.92 40.85
Female 50 50 50
Birth order 3.5 3.95 4015
Recent diarea (yes) 11 9 16
Recent fever yes) 25 15 40
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We also include a range of independent variables that map onto the levels of 
the UNICEF framework. Our choice of variables is based on findings from related 
research that have identified specific factors as associated with acute malnutrition, 
and are organized using the UNICEF framework’s categories of basic, underlying, 
or immediate causes (e.g., Hill et al., 2019; Randell et al., 2020,)

4.3.1  Key Variables in the Analysis (Associated With Basic Causes)

We include multiple indicators reflecting the count of conflict events, all of which 
are derived using the UCDP-GED data. To address variability in the spatial pre-
cision of the measurement of event locations, we aggregate counts at the level of 
the region. Aggregations are performed with reference to the most recent regional 
boundary data obtained from the Integrated Public Use Microdata Series—Inter-
national (IPUMS-I) for the relevant boundaries used in the UCDP-GED for Kenya 
2009 (provinces), Nigeria 2010 (states), and Uganda 2002 (districts). We consider 
counts of armed conflict events during the 1–3  month and 4–6  month intervals 
before the month of the DHS data collection for each child. Empirical analyses of 
conflict impacts use widely varying conflict measures (see Rowhani et  al., 2012; 
Delbiso et  al., 2017; Buhaug, 2015). While there is no consistent time period of 
conflict exposure and child health in the literature, some researchers consider cumu-
lative effects, impacts within the last 6–12 months or the most recent month to the 
survey. Building on the discussion in Hill et al. (2019) comparing rapid onset and 
slow onset events, we choose these two different (1–3 month and 4–6 month), yet 
relatively proximate, time frames to help uncover the temporal process that connects 
conflict to child health shortly after exposure to conflicts (Hill et al., 2019).

To measure climatological variation that may have a direct association with child 
health, we include two variables that measure the average total precipitation and the 
average maximum temperature (derived from CHIRPS and CHIRTSmax) during the 
three months prior to the data collection in a given survey cluster (see Randell et al., 
2020; Rowhani et al., 2012; Grace et al., 2015).

As a gauge of agricultural productivity, we include the maximum NDVI for the 
most recent completed primary growing season in each country (e.g., Bakhtsiyarava 
et al., 2018). Growing season information is obtained from the FEWS NET coun-
try-specific growing season calendars. NDVI values range from −1 (no vegetation/
greenness) to 1 (high indication of greenness/vegetation). In general, more vegeta-
tion (higher NDVI values) are associated with more a better growing season and 
more agricultural productivity (Shukla et al., 2021). In addition, we include dummy 
variables that flag whether or not any conflict during the periods measured by the 
lagged variables coincided with the growing season.

4.3.2  Other Independent Variables Associated with Underlying Causes

We include several variables to control for potential underlying causes vulnerability 
to acute malnutrition. The child’s age, sex, and birth order (first-, second-, third-
born, etc.) are routinely included in studies of child health and food security because 
they capture biologically and culturally relevant factors related to growth, feeding, 
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and caretaking. We also include child’s birth month and birth year. Consistent with 
related research we also include maternal age and educational attainment (Corley, 
2021; Prado et al., 2019; Thiede & Strube, 2020). Another set of variables measures 
characteristics of households. Household toilet facilities and water sources are asso-
ciated with malnutrition in some settings possibly through pathogens in fecal mat-
ter and contaminated water (van Cooten et al., 2019). The flooring material in the 
house where a child currently lives (either unfinished or finished) provides a simple 
indicator to approximate a household’s socio-economic status, primarily by differen-
tiating the most poor (those with unfinished flooring) from the less poor (those with 
finished flooring). Household electricity-status may capture food storage potential as 
well as general socio-economic status and is also included in the analysis. Flooring 
has the advantage of tending to be less correlated with urban or rural residence than 
other factors that can capture aspects of socio-economic status such as electricity 
use or water access (Davenport et al., 2017; Dunn, 2018). The household-level vari-
ables are relatively static, compared to other measures of socio-economic status that 
focus on different types of assets or especially on income. Thus, the value of each of 
these variables when the survey was administered is likely to reflect conditions in at 
least the recent past, potentially dating back to when the children in the household 
were born.

We also include characteristics of communities (i.e., survey clusters). Whether 
the location is urban or rural (a classification determined with reference to criteria 
specific to each country) and the type of livelihood zone (agricultural, agropastoral, 
fishing, pastoral, or urban, from FEWS NET) defines a surrounding context that can 
influence food security and health outcomes. These indicators capture broader tem-
poral trends and spatial patterns that can likewise affect food security and health out-
comes, beyond what is reflected in other variables. We include region of residence 
to control for regional-level time invariant factors.

4.3.3  Other Independent Variables Associated with Immediate Causes

Finally, we consider whether or not each child experienced fever and/or diarrhea 
within the 2 weeks preceding the administration of the survey, using the data collec-
tion in the DHS. Both of these variables are known to be proximate risk factors for 
acute malnutrition (Tesfai et al., 2013; WHO, 2017).

4.4  Statistical Analysis

We estimate a suite of regression models to explore the relationships between con-
flict, climate and acute malnutrition. The primary model is a linear mixed-effects 
regression model estimating the continuous WHZ score for each child in relation 
to the number of conflict events in the child’s region of residence. The model also 
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includes immediate and underlying factors that can impact child WHZ as described 
above.

The data has a hierarchical structure3—there are often several children with the 
same mother and there are several households within the same DHS cluster. To 
account for the shared characteristics between individuals, we include a random 
effect for the mother and for the DHS cluster (Currie & Schwandt, 2013; Gelman & 
Hill, 2007).

The model can be specified as follows:

In the equation, Y is a continuous WHZ score for child i from mother j in DHS 
cluster k. Conflict is a count variable counting violent events (within an administra-
tive region) during either a) 1–3 months before the survey or b) 4–6 months before 
the survey. We estimate separate models for the number of conflict events during 
the 1–3-month period before the survey (Model 1) and 4–6-month period before the 
survey (Model 2).4 Conflict_grs is a dummy variable—a value of 1 indicates that 
when conflict occurred it occurred during the growing season and a value of 0 indi-
cates the conflict did not occur during the growing season.5 Parameters �3 , �4 , and 
�5 are the terms for the maximum average monthly temperature three months before 
the survey, average monthly precipitation three months before the survey, and maxi-
mum NDVI during the previous growing season, respectively. Keep in mind that 
these variables are dependent on the interview date (of the mother) and the cluster 
location. The model also controls for child-, mother-, household-, and community-
level variables 

(

Xz

)

 described in the Measures section, as well as fixed effects for the 
month and year of birth and region of residence. Wj is a random effect for woman, 
and accounts for multiple children per woman. The DHS cluster-level random effect 
is specified by uk . Fixed effects account for unobserved (time invariant) factors.

(Yijk) =�0 + �1
(

conflictjk
)

+ �2
(

conflict_grsjk
)

+ �3
(

tempjk
)

+ �4
(

precipjk
)

+ �5
(

NDVIjk
)

+ �n
(

Xz

)

+ wj + uk + eijk

5 We also estimate an interaction model where we include an effect for the interaction of conflict and 
agricultural production (NDVI) and exclude the overlapping conflict-growing season indicator variable. 
The interaction effect provided no additional information (in only the Kenya 4–6  month case was the 
effect significant). These results are presented in an abbreviated table in the "Appendix".

4 We also combined events over the entire 6-month period (essentially merging the two different counts 
into a single count). However, we found this coarser temporal aggregation to be less informative and we 
report the results from the two models using more narrow time intervals. The 6-month results are avail-
able from the lead author.

3 We explored an alternative modeling strategy using cluster adjusted standard errors (see Thiede and 
Strube 2020). While the results are not identical, the main results are similar and are available from the 
lead author on request.
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5  Results

We first describe the overall results by country below. We then summarize the pat-
terns that we observe in terms of timing of conflict and spatial variation when con-
sidering the results together.

5.1  Kenya

The frequency of armed conflict events within the administrative region where 
a child lives during the 1–3 month lagged period is not significantly associated 
with a child’s WHZ score as shown in Model 1 in Table 3. However, in the case 
that the timing of the specific conflict occurred during the growing season, we 
observe a significant negative relationship between the exposure and WHZ score. 
Thus, when considering conflict events during the 1–3 month period, the count of 
events itself was not significant, however if conflict occurred during the growing 
season, the mean WHZ score is 0.06 standard deviations lower than if the con-
flict did not occur during the growing season. In the event that conflict occurred 
4–6 months before the survey month, Model 2, we observe a significant and nega-
tive association with child health but no linear association with regard to growing 
season timing of this later lag. An additional conflict event is then associated with 
a 0.01 decrease in mean WHZ score. In terms of climate and environmental con-
ditions, poor growing conditions, as indicated by lower amounts of precipitation, 
higher maximum temperatures, and a lower vegetation (NDVI) index, are nega-
tively associated with WHZ scores. These relationships remain consistent across 
the two models.

Household- and mother-level patterns suggest that, in general, children liv-
ing in households with more resources (e.g., finished flooring, electricity, higher 
maternal education) have, on average, higher WHZ scores than children in less 
well-resourced households. Child-specific factors also play an important role, 
with younger children who are of a higher birth order (in other words, children 
with more siblings), tending to have lower WHZ scores. Factors associated with 
recent illness—diarrhea and fever—are also negatively associated with WHZ.

5.2  Nigeria

According to the Models for Nigeria (Table 4), children who live in regions of 
Nigeria that experienced higher counts armed conflict within 1–3  months or 
4–6  months before the survey are more likely to have lower WHZ scores. In 
Model 1, conflict occurring during the growing season is associated with lower 
WHZ scores—a reduction of 0.84. The results also show that greater amounts of 
precipitation and higher temperatures are associated with reduced WHZ scores. 
While elevated temperatures are commonly associated with worse health out-
comes (Thiede & Strube, 2020), rainfall is often positively associated with health 
outcomes, although not consistently (Grace et  al., 2021; Randell et  al., 2020; 
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Thiede & Strube, 2020). A possible explanation for these relationships is that hot 
and wet conditions may be associated with disease—especially malaria. There-
fore, it is possible that the recent weather conditions are indicative of increased 
risk of malaria among children. In Kenya, by contrast, malaria is not consistently 
endemic across the country and precipitation conditions are more likely associ-
ated with high quality growing seasons and higher food availability.

In terms of household-, maternal- and child-level factors, a child with a recent 
fever in Nigeria is significantly more likely to have a worse WHZ score than a 
child who has not had a recent fever. We also observe a general increase in WHZ 
for female versus male children. Other factors associated with household or com-
munity resources are not significantly associated with the outcome variable—pos-
sibly suggesting that these community- and regional-level factors are important 
for understanding variation in risk of acute malnutrition in Nigeria.

5.3  Uganda

As reported in Table 5, no statistically significant association was detected between 
the frequency of recent conflict events and WHZ scores among children in Uganda, 
even when conflict occurred during the growing season. As mentioned in the Meth-
ods section—we also estimated models where we combined the counts of conflict 
over the prior 6 months and where we used an NDVI x conflict interaction effect (see 
"Appendix"). We do not present all of these results—but they all generally produced 
estimates yielding similar insight—there is no significant relationship between con-
flict, environmental factors and WHZ. None of the environmental factors were sig-
nificantly associated with a child’s WHZ score. Beyond living in a pastoral region, 
where children, on average, have WHZ scores that are around 0.40 standard devia-
tions lower than children living in agricultural areas, the only factors with significant 
associations are select immediate and underlying causes. Specifically, children who 
are younger, female, experienced a recent fever, live in households with piped water 
(versus relying on surface water or sources that may include water trucks and pur-
chased water) and no electricity are more likely to have lower WHZ scores than their 
counterparts.

5.4  Similarities and Differences Across the Three Countries

Across the three countries and during similar time frames, we observe very different 
relationships factors associated with variation in WHZ. The relationship between 
counts of conflict in the administrative region of residence, and WHZ varies sig-
nificantly across the settings. We note that there is a significant negative relation-
ship between the count of events and WHZ score in Nigeria versus non-significant 
correlations in the other two countries. Variability, however, is relatively higher in 
Uganda than in Kenya. The environmental factors of interest also vary by country 
with Kenya and Nigeria reporting significant impacts on WHZ from rainfall and 
temperature (albeit the coefficients are very small and the direction of the relation-
ship varies for rainfall). NDVI is positively and significantly related to WHZ scores 
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in Kenya and not significant in the other two countries. In general, despite their geo-
graphic proximity, results from Uganda and Kenya, appear quite different from each 
other in terms of the significance of household-, maternal-, and child-level factors 
with very little obvious shared relationships between the conflict and environmental 
factors. Considering the regression results together, therefore, suggests that exposure 
to conflict is related to child health but only as it acts through other downstream fac-
tors and suggests that there are a number of unmeasured factors that differentiate the 
contexts. In other words, there are additional place-based factors that must be con-
sidered that shape the way that conflict relates to health outcomes.

Among the other factors included in the analysis, there are very few similarities 
across the countries in terms of significance, or magnitude and direction of factors. 
For example, a child’s age and sex are significant across all three models (although 
in Kenya, sex is not significant). However, in Nigeria older female children have 
higher WHZ scores whereas in Uganda, younger male children have higher WHZ 
scores. In Kenya, younger children, regardless of sex, have lower WHZ scores.

6  Discussion

Unlike other forms of malnutrition, with strategic interventions, acutely malnour-
ished children can recover and avoid serious illness and death. To combat acute mal-
nutrition and lessen the adverse impacts of this food insecurity outcome, researchers 
and policymakers continue to work to uncover the processes associated with acute 
malnutrition and variation in WHZ. It is therefore especially important to consider 
the timing of exposure and how different contexts shape the relationship between 
exposure and outcomes.

Broadly speaking, our results suggest varied relationships between conflict, 
climate and food security across the three countries. In other words, the linkages 
between climate and conflict and acute child health outcomes related to food insecu-
rity and malnutrition, are not consistent across settings. At the country-level, how-
ever, there are clear indications for Kenya and Nigeria, that targeting interventions 
based on climate and conflict conditions could help to improve child health and 
reduce wasting. Developing effective interventions will likely require ongoing moni-
toring and evaluation at a sub-national-level, using detailed spatially relevant data 
that can capture a range of local factors.

Our analyses employed fairly fine-scale measures of climate conditions associ-
ated with child health—rainfall and temperature conditions around the time of sur-
vey—as well as with vegetation measures associated with local agricultural pro-
duction (seasonal NDVI—a measure of growing season vegetation). As compared 
to related research (e.g., Thiede & Strube, 2020; Baker & Antilla-Hughes 2020; 
Dunn, 2018), these climate and vegetation measures employ more spatial variation. 
Despite these highly detailed data, however, the relationship between the variables 
and the outcome are not consistent across settings. We interpret this finding as sug-
gesting that there are local strategies that individuals, households or communities 
employ to secure their children’s health in the context of specific climate and food 
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production conditions. These strategies are potentially situated in historic and place-
based cultural practices associated with risk management that are not measured in 
the standard health surveys used here yet are key components of vulnerability and 
variability in child health outcomes in a context of climate change. Locally vary-
ing factors, unmeasured in this analysis, related to roads, humanitarian aid, popula-
tion mobility, among other factors may also play an important role. Future research 
exploring these dimensions may help to isolate these different relationships (Corley, 
2021; Dunn, 2018).

Along the same lines, the relationship between armed conflict and acute mal-
nutrition is inconsistent across countries and time periods. While this finding mir-
rors related research that fails to find a consistent linkage between conflict and food 
security, our approach suggests that even when survey data from the same source as 
well as constructing identical measures of conflict across settings, the relationship 
between conflict and acute malnutrition is not consistent across countries. While 
some research has suggested that there may be some variation in the relevant tim-
ing of the events on child health outcomes and food security, the results here sug-
gest that there is not a consistent temporal linkage between events and child health 
outcomes. We attempted to model conflict using a relatively extreme definition of 
conflict, one which may be most likely to impact food systems and change behaviors 
(Ghobarah et al., 2004), nonetheless, in the case of Uganda we see no relationship 
between conflict conditions and child health. Whereas in Nigeria we see a significant 
association between conflict and child health, with WHZ scores decreasing greater 
when conflict events occurred during the growing season. In Kenya, however, the 
relationship is somewhat different, with a significant association between conflict 
and child health in the case that a child is exposed to conflict during the 3 months 
preceding the survey and if this period occurs during the growing season.

We are unable to evaluate how the historical presence of conflict has shaped the 
ways that communities cope with armed events. Kenya has been comparatively 
peaceful compared to the other countries, Uganda, has become more peaceful after 
an extended civil war, while Nigeria has just entered into a situation of escalat-
ing violence. Is it possible that Ugandans are accustomed to violence in a way that 
reduces the potential for violent events to dramatically uproot behaviors and experi-
ences? The data available and our analytic approach was unable to uncover the ways 
that historical experiences shape current realities.

Additionally, the analysis could examine conflict in a more spatially specific 
manner (using finer-scale data on conflict locations and durations), similar to what 
is possible with climate. Doing so might help reinforce our ability to determine if 
individual children and households in specific neighborhoods have been exposed to 
observed conflict conditions. A limitation of the available data, however, is that pre-
cision in the measurement of spatial locations of conflict events is reliable only to 
the regional administrative level. Some conflict is actually dispersed to that extent, 
affecting larger areas within a country. Other conflict events are simply measured 
imprecisely, given available information. Whether conflict is dispersed within a 
region, or merely occurred within a region but was not necessarily nearby a spe-
cific household, a potential exists for residents of the region to be exposed to the 
implications.
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We also note that there are important limitations with the health survey data 
included in this research. One limitation is that we focus solely on living chil-
dren and living respondents (mothers)—perhaps our sample includes those who 
are the most robust as the frailest have not survived to be included in the survey. 
This kind of bias would lead to results showing that the effects of conflict are less 
severe than they actually are. Additional research using spatially detailed data on 
maternal and infant/child mortality would help to uncover the potential for selec-
tion bias. Overall, our research highlights the need for improved data on armed 
conflict that can be used within the context of individual-level studies on nutri-
tion and food security. It also highlights the need for more qualitative investi-
gations that consider household coping strategies reflecting the multiple stresses 
that families may face in a context of climate change.

Appendix

Description of Spatial Detail in Conflict Data

The data set codes the location of conflicts with varying degrees of spatial preci-
sion. In a share of cases events are pinpointed to particular population centers 
(e.g., village, town, city) or even specific neighborhoods, transportation inter-
changes, or physical landmarks. Other sizeable shares of cases are associated 
with larger geographic areas such as constituent regions of countries. For exam-
ple, in the entire dataset, covering 123 countries from 1989 to 2020, 88% of the 
events are coded to the first-order administrative division. 42% of these events 
are at, or in close vicinity (25 km) of, a specific point location. Among this 42%, 
23% of the points in the exact location. The countries included in our study report 
similar statistics.

This variation in spatial precision is due to two main reasons resulting from 
the data-generating process. First, certain conflict events occur with wider geo-
graphic scopes of activity, extending over areas within or across countries, rather 
than at point locations. The geographic coding of these events to areas is there-
fore factually accurate, just not spatially precise. Second, available information 
about events is not uniform in terms of providing complete details relevant to 
establishing locations with maximum spatial precision. Events may be coded with 
less spatial precision because the information did not permit a greater degree of 
spatial precision. Thus, the geographic coding of these events is accurate within 
the limits of the information, but not necessarily fully accurate factually.

Ultimately, the common denominator for most cases is that the user will know 
the locations of conflict events with certainty with respect to first-order admin-
istrative divisions at a sub-national level. Thus, this degree of spatial resolu-
tion tends to be reliable for analyses using the conflict event data where geog-
raphy matters. Analysis with any more precise degrees of spatial resolution will 
require (1) making dubious assumptions about locations of a substantial share of 
cases (e.g., assigning events with imprecise spatial codings to centroids or major 
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population centers within known areas, thereby inserting artificial precision of 
measurement), (2) imputing locations for those cases (thereby increasing uncer-
tainty in measurement), or (3) dropping the cases altogether (thereby introducing 
incompleteness and risking bias in measurement). All of these circumstances may 
affect analytical results and findings (Appendix Table 6).
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