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Abstract
Malnutrition is one of the most important early life shocks that have lasting effects on health. An often neglected
cause of malnutrition and hidden hunger is high food inflation, particularly in developing countries. This study
uses the Ethiopian Demographic and Health Survey data, matching each child’s early life age in months from
the time of conception with the corresponding local monthly food price data to examine the medium-term
and long-term impacts of exposure to food inflation during the critical early life window—pregnancy and
infancy—on child health. Exposure to one percentage point higher month-to-month food inflation while in
utero increases the risk of under-five stunting by 0.95 percent. The impacts are heterogeneous depending on the
month of exposure, highlighting the complicated biological mechanisms through which malnutrition during
early life affects human growth. The results are robust to various empircal specifications and potential biases
arising from survivor sample selection and age misreporting.
JEL classification: D13, E31, I10, I15
Keywords: in utero, height, stunting, macroeconomic instability, malnutrition, low-income, Africa

1. Introduction
Shocks during pregnancy and early childhood—the first 1,000 days after conception—have lasting consequences on health, educational and cognitive achievements, labor market outcomes, and social behavior
(Case and Paxson 2010; Currie and Almond 2011). One of the most critical early life shocks in developing countries is malnutrition. It is detrimental to healthy brain development, physical stature, and the
immune system and is linked to the onset of chronic diseases during adult life (Barker 1995; Barker and
Clark 1997; Victora et al. 2008; Ford et al. 2018). More importantly, the effects of malnutrition during
early life are the most difficult to reverse through ex post remediation (Currie and Almond 2011). Using a
rich dataset from Ethiopia, this paper investigates how exposure to malnutrition caused by food inflation,
while in utero and during infancy, affects under-five stunting.
The impacts of severe nutrition shocks such as famine and drought are widely recognized in the literature and in policy spheres, and responses through, for instance, emergency food aid, are relatively prompt.
However, the channels through which exposure to high food inflation impacts child health are not well
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studied. There are several possible channels through which child health can be affected by high food inflation. It results in malnutrition in low-income households as they respond by rationing available food and
reducing the quantity and dietary diversity of their food, putting children and pregnant women at greater
risk of malnutrition (D’Souza and Jolliffe 2011; Tandon and Landes 2014). Household non-food-related
strategies to mitigate high food inflation, such as selling productive assets, reducing productive investment, and borrowing at higher interest rates, negatively impact future income-generating capacity while
also increasing the risk of future poverty and malnutrition (Barrett, Garg, and McBride 2016). Moreover,
coping with high food prices by forgoing critical medical care affects health adversely during childhood
and adult life (Tandon and Landes 2014). Therefore, childhood malnutrition due to food inflation is a
crucial welfare issue that is often neglected in the literature.
This study examines the causal effects of exposure to food inflation during early life on the health status
of children. The paper uses stunting, a standard measure of impaired growth due to poor nutrition, as an
indicator of child health status. It uses data from the Ethiopian Demographic and Health Survey (DHS)
and monthly local retail food price data, matching each child’s early life calendar month since conception
to the corresponding local monthly food inflation data. The econometric analysis implemented different
empirical strategies and performed robustness checks to establish causality.
Two factors motivated the focus on Ethiopia. The first is that food inflation there from 2000 to 2010
was unprecedented compared to past inflationary episodes (Admassie 2013). For instance, month-tomonth inflation was much higher for major staple crops and surpassed 100 percent in July 2008. This is
particularly important because food accounts for more than 50 percent of the Consumer Price Index (CPI)
consumption basket (Central Statistical Agency 2009). The full extent of the impacts of such a dramatic
surge in food prices on children’s health is not well understood. The second factor is that Ethiopia has
made significant progress in reducing child malnutrition, with under-five stunting decreasing from 57
percent in 2000 to 44 percent in 2011. High food inflation during this period might have reversed some
of these gains. This paper aims to provide some evidence on its effects on children’s health.
The present paper is closely related to that of Arndt et al. (2016), who investigate the contemporaneous
impacts of food inflation in Mozambique in 2008–2009 on child health and found the prevalence of
underweight children falls by about 40 percent when food inflation is low compared to when it is high. In
a similar study, Alderman, Hoddinott, and Kinsey (2006) found that exposure to the 1982–1984 drought
in Zimbabwe as a preschooler resulted in being 2.3 cm shorter, starting school 3.7 months later, and being
0.4 of a year lower in completed grade. Yamano, Alderman, and Christiaensen (2005) found that exposure
to malnutrition due to crop failure in early childhood impeded childhood growth in regions where crop
losses were high. More recently, Dercon and Porter (2014) investigated the long-term impacts of the severe
famine shock in Ethiopia in 1984 on the height of young adults twenty years after experiencing the shock
while in utero and as infants. They found that children who were three years old at the peak of the crisis
were at least 3 cm shorter than older cohorts when they reached adulthood, less likely to have completed
primary school, and more likely to have recently experienced illness. Similarly, De Waal, Taffesse, and
Carruth (2006) found that the droughts in 2002–2003 substantially increased child mortality in affected
regions.
While these studies focus on the impacts of supply-side nutritional shocks, such as drought and crop
failure, little attention has been paid to the impacts of food inflation. Furthermore, there is little evidence
of potential heterogeneity due to the complicated biological mechanisms through which exposure to malnutrition at different stages of early life affects human growth, an issue to which the literature does not
give enough attention. There is also a noticeable gap in the literature and the policy arena regarding food
inflation as an important cause of malnutrition in developing countries. Considering the recent trend of
high food inflation in many developing countries, the lack of evidence about its impacts on long-term
welfare and human capital is concerning.

The World Bank Economic Review

3

2. Biological Mechanisms
Maternal undernutrition before and during pregnancy affects fetal growth and alters the fetal genome,
which is referred to as “fetal programming,” through different channels (Barker and Clark 1997; Wu et al.
2004). Fetal nutrition is determined by the mother’s dietary intake and nutrient stores, nutrient delivery to
the placenta, and placental transfer capabilities (Owens, Owens, and Robbinson 1989; Barker and Clark
1997). Factors such as maternal nutrient stores and anemia can also shape the in utero environment
well before conception. The in utero environment—fetal nutrition and oxygen supply—can change the
concentration of growth-influencing hormones such as insulin and insulin-like growth factors (IGFs) and
the sensitivity of early embryonic growth to nutrients. Thus, fetal growth and the fetal growth trajectory
are especially susceptible to maternal dietary deficiencies prior to implantation and during rapid placental
development (Wu et al. 2004).
Similarly, undernutrition in the last trimester affects fetal development, resulting in fetal wasting and
fetal amino acid consumption by the placenta. Such downward pressure on the fetal growth trajectory
during the early gestation period alters subsequent nutritional demand (Barker and Clark 1997). Moreover, depending on the trimester of exposure, the effects of undernutrition on birth weight, adult health
outcomes, and death are heterogeneous.1 Barker and Clark (1997) also suggest that low nutrient and
oxygen supply in different trimesters of pregnancy impair growth during fetal life and could permanently
affect the physiological structure of critical organs and tissues such as the endocrine pancreas, liver, and
blood vessels.
Food availability affects newborn and infant growth by affecting the mother’s lactation capacity and
milk production (Rasmussen 1992). Studies show the mother’s nutritional history has a greater impact on
her lacation capacity than other factors such as age, breast enlargement during pregnancy, and genetics
(Hytten 1954; Rasmussen 1992, in Rasmussen and McGuire, 1996; Rosso et al. 1981, in Rasmussen
1992).2 Maternal malnutrition, therefore, determines lactation performance through its impact on
1
2

See table S3.2 in the supplementary online appendix, which is available at The World Bank Economic Review website.
A simplified channel linking maternal malnutrition to infant growth is shown in fig. S3.1 in the supplementary online
appendix which is available at The World Bank Economic Review website.
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This paper fills these gaps by quantifying the causal impacts of exposure to high food inflation during
each month of early life on human growth from conception to age five. From a policy perspective, the paper
brings fresh evidence to global nutrition policies and goals pertaining to the Sustainable Development Goal
of eliminating all forms of hunger by 2030. It underscores that food market volatility in general, and food
inflation in particular, are not just short-term nominal phenomena but are also important macroeconomic
issues with lasting consequences on children’s health. The results show that exposure to one percentage
point of higher month-to-month inflation while in utero increases the likelihood of stunting by at least
0.95 percent among children under five years of age. There is also considerable heterogeneity depending
on the month of exposure, with a pronounced long-term impact on child health from exposure during the
second and third trimesters of pregnancy. The results are robust to different econometric specifications
and potential biases. The study also performs a battery of robustness checks and rules out potential biases
due to survivor sample selection problems, the potential misreporting of children’s age, and unobserved
family-level heterogeneity. The paper also addresses the issue of false discovery (false positives) arising
from multiple hypothesis testing, a statistical problem that is often neglected in the literature.
The rest of the paper is organized as follows. Section 2 describes the biological mechanisms through
which exposure to malnutrition during different stages of early life affects long-term health outcomes.
Section 3 describes the data. Section 4 presents the study’s empirical estimation strategy. Section 5 discusses
the results, and section 6 concludes the paper with some policy recommendations.
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maternal nutrient stores and nutrient mobilization. In undernourished women, milk production is limited
by lactation capacity, the availability of substrates for milk biosynthesis, or both. Evidence shows that
seasonal food shortages, as opposed to the general undernutrition of women, are associated with a significant decrease in infant milk intake (Rasmussen 1992). This study’s empirical analysis recognizes such
heterogeneity and quantifies the effects of exposure during a specific month of early life.

Data are collected from two rounds of the Ethiopian DHS: 2005 and 2010. The DHS is one of the most
comprehensive surveys conducted in developing countries that focuses on children and women. The survey
collects detailed demographic, anthropometric, health, parental, household, geographic, and population
information. Moreover, it is one of the few nationally representative household surveys on children’s and
women’s health in Ethiopia. Close to 20,000 children under the age of five were covered in the 2005 and
2010 waves. The present study follows the literature and excludes infants younger than six months (see,
for instance, Duflo 2000). Thus, the final pooled sample consists of 12,296 children between the ages of
6 and 59 months who were born between 2000 and 2010.
The key outcome variable of interest is the stunting status of children under the age of five. The study
constructs stunting variables based on the height-for-age (HAZ) standardized score calculated using the
World Health Organization (WHO) standard reference, which takes children’s age, sex, and country into
account.3 The policy variable of interest is month-to-month staple food inflation. Given that the DHS
does not collect monthly local food price information, monthly retail food price data are used from the
Ethiopian Central Statistical Agency (CSA). The food price survey regularly gathers price information
from 119 local markets and is one of the most comprehensive surveys that it periodically conducts and
uses to construct regional and national consumer price indices (CPIs). The survey covers thousands of
goods and services traded in the markets, and the data spans July 2001 to November 2012. First, the
study spatially merged the DHS and CSA price survey datasets using a GIS-based nearest neighbor match
algorithm.4 Then, the study matched each child’s early life months from the time of conception with
the corresponding month-to-month inflation rate in the nearest market. Based on the literature, the study
assumes a normal gestation period of 40 weeks (Almond and Mazumder, 2011; Persson and Rossin-Slater
2018).
One of the limitations of the GIS-based nearest neighbor matching technique is that it does not consider
topography or road conditions as it is based simply on geodesic distance, the shortest possible line between
two coordinates. Therefore, the actual ground travel distance between two linked points could be different
depending on the topography, availability and type of roads, and weather conditions, given the poor road
network and rugged terrain in the country. Also, it is important to note that the DHS randomly displaces
GPS coordinates of clusters up to 2 kilometers for urban areas and 10 kilometers for rural areas (Burgert
et al. 2018).
Households in Ethiopia spend a significant proportion of their income on food, with a few staple
crops constituting a major share.5 This study focuses on six main staple crops—teff, wheat, maize, barley, sorghum, and enset—which are widely consumed in different parts of the country and are important
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A child is considered stunted if their HAZ is below –2.00. A detailed description of the methodology and the software
(Stata) are available on the WHO’s website (WHO 2006).
See fig. S3.3 in the supplementary online appendix, which is available at The World Bank Economic Review website.
For instance, food expenditures account for more than 83.1 and 71 percent of rural and urban households’ consumption
budget, respectively, with the combined share of teff, wheat, and maize being 25 percent and 20 percent of their total
consumption budget in rural and urban areas, respectively (Shimeles and Woldemichael 2013).
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3. Data and Descriptive Results
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For instance, teff, a gluten-free grain, is a good source of essential minerals (iron, magnesium, and calcium), carbohydrates/fiber, Vitamin B-12, and protein. While teff, maize, and sorghum are widely consumed, there is significant regional
variation in diet composition, including wheat, barley, and enset. For example, teff accounts for about 24 percent of total
household caloric intake in Addis Ababa but only 0.8 percent in the Somali region. See table S3.3 in the supplementary
online appendix which is available at The World Bank Economic Review website.
See fig. S3.4 in the supplementary online appendix, which is available at The World Bank Economic Review website,
for plots of the standard deviation of change in food inflation for fixed and variable consumption bundles.
For plots corresponding to each month of exposure from conception, see fig. S3.2 in the supplementary online appendix,
which is available at The World Bank Economic Review website.
The full list of variables included in the regression is available in table S3.1 in the supplementary online appendix which
is available at The World Bank Economic Review website.
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sources of daily caloric intake, micronutrients, minerals, and carbohydrates.6 To account for dietary differences based on geography, a single composite staple price index is constructed using the average calorie
shares for each region as weights, which were obtained from 2000 and 2005 Ethiopian Household Income
and Consumption Expenditure Survey (HICE) data. The HICE is a nationally representative consumption
and income survey that is conducted every five years. The composite price index also rules out possible
substitution effects across different crops arising from price changes that could confound the results.
Variation in food inflation can come from different sources, including change in consumption bundles
over time and across regions, change in inflation for a fixed consumption bundle, or both. Therefore, it is
important to establish that the variation comes primarily from change in food inflation. To do that, the
study set the initial caloric weights constant at the level recorded in 2000, which was the first year the
HICE was conducted. In the time-variant consumption bundle, the caloric weights are allowed to change
over time using the 2000 weights for prices observed in 2001–2004 and the 2005 weights for prices
observed in 2005–2010. Generally, the variable consumption bundle’s standard deviation is expected to
be higher than that of the fixed bundle since the variation comes from changes in the bundle and changes
in inflation. This study’s assessment shows that about 84 percent of the variation comes from changes in
inflation and the rest from changes in the consumption bundle.7 The analysis attempts to control for the
small amount of variation (16 percent) coming from the change in the consumption bundle by including
region and survey year interaction terms in the regression.
A simple plot shows strong correlation between early-life exposure to food inflation and stunting
(see fig. 1). Children exposed to higher food inflation early in their lives are more likely to be stunted.
However, the slope is much steeper for exposure while in utero than exposure during infancy. The correlation also varies depending on the month of exposure. Moreover, it varies by observable characteristics
such as sex.8
Table 1 presents the summary statistics of control variables, including child-level, parental, household,
geographic, and temporal factors that are controlled for in the regression analysis.9 Child-level factors
include age and age squared to capture the geometric relationship between age and height or stunting
variables. The study also controls for sex, birth order, and subjective assessment of the child’s birth weight
as recalled by the mother. Furthermore, the analysis controls for ex ante prevention and ex post remedial
parental behavior in response to actual or perceived nutrition and health outcomes, which include receipt
of prenatal care, vaccination, Vitamin A supplementation, and the duration of breastfeeding as recalled
by the mother or recorded on a vaccination card. The analysis also includes birth month in the regression
to control for seasonal food availability and the outbreak of seasonal diseases such as flu, diarrhea, and
malaria.
The medical literature shows that genetic factors predispose a child to certain diseases and a certain
physical stature, possibly confounding the results. Such issues are addressed by controlling for maternal
characteristics such as age, age at first birth, height, body mass index (BMI), and anemia status, which are
good indicators of maternal health history and genetic factors. Additional controls that capture maternal
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Figure 1. Average Month-to-Month Food Inflation while in Utero and during Infancy (6 Months after Birth) and Stunting.

in the sample were exposed to during the jth month since inception. The y-axis measures the proportion of stunted children between the age of 6 and 59 months.

Table 1. Summary Statistics of Control Variables: Children Aged 6–59 Months

Exposure
Month-to-month price change while in utero (%)
Month-to-month price change during infancy (%)
Average NDVI value while in utero
Average NDVI value during infancy

Child health outcomes and characteristics
HAZ score
Stunted (%)
Age (months)
Boy (%)
No. of observations

2005

2010

Pooled

1.411
(3.238)
1.094
(5.066)
104.1
(32.29)
100.2
(13.63)

2.375
(4.505)
2.794
(9.219)
110.7
(33.63)
103.2
(17.61)

2.177
(4.293)
2.444
(8.559)
109.2
(33.45)
102.5
(16.86)

−1.909
(1.857)
50.0
32.51
(15.72)
50.10

−1.786
(1.666)
45.9
32.50
(15.50)
50.80

−1.822
(1.725)
47.1
32.50
(15.57)
50.60

3,607

8,685

12,292

Source: Authors’ analysis based on data from the 2005 and 2010 Ethiopian Demographic and Health Survey (DHS), the monthly Ethiopian Central Statistical Agency
(CSA) retail food price data from July 2001 to November 2012, and the monthly Normalized Difference Vegetation Index (NDVI) for Ethiopia between February
2000 and December 2011.
Note: Standard deviations are in parentheses. The full list of variables included in the regression is shown in table S3.1 in the supplementary online appendix, available
with this article at The World Bank Economic Review website.
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Source: Authors’ analysis based on data from the 2005 and 2010 Ethiopian Demographic and Health Survey (DHS).
Note: Solid dots and solid lines correspond to girls; dashed lines and hollow circles correspond to boys. The x-axis measures the month-to-month inflation that children
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4. Estimation Strategy
The primary interest of this study is to estimate the effects of exposure to food inflation while in utero
and during infancy on the stunting status of children aged 6 to 59 months. The analysis regresses stunting
status on the month-to-month food inflation that the child was exposed to while in utero (nine months in
utero) and during infancy (six months after birth).11 To formally describe the model, let hi jkv denote the
stunting status of child i born to mother j in household k and village v, which is located near market q.
Then, the linear probability model can be written as:
hi jkv = α0 +

+6


φm πk,q(m) + Wi jkv + μi + ϕ j + ωk + gv + δc + i jkv ,

(1)

m=−9

where {φm } is a set of coefficients that capture the impacts of exposure during the mth month of early
life (m = [−9, +6] is the month of exposure),  is a vector of coefficients to be estimated, Wi jkv is a
vector of observed child, maternal, household, and area-level factors, μi , ϕ j , ωk , gv , and δc denote child,
mother, household, village, and cohort (year of birth) fixed effects, respectively, and i jkv is the error term.
Standard errors are clustered at the market level, q.
The analysis starts by determining a baseline of a simple ordinary least squares (OLS) estimate, ignoring child (μi ), mother (ϕ j ), and household (ωk ) fixed effects, which are assumed to be absorbed in
the idiosyncratic error term. However, in the OLS estimation, the analysis controls for potentially confounding village-level factors by including the history of drought and rainfall shocks in the village over
the previous 30 years. More important, the study includes monthly NDVI values covering a 50-kilometer
radius from the center of the village. The study also includes the interaction terms of region and survey
year dummies to control for region-specific changes over survey waves. Finally, the baseline specification
includes cohort dummies to account for cohort fixed effects.
Mother Fixed Effects Estimation

The OLS estimation of equation (1) assumes there is no unobserved heterogeneity arising from factors such
as biological or genetic predispositions, perceptions, behavior, preferences towards child health, shocks in
10

11

Details on how the study calculated the NDVI values while in utero and during infancy for each cluster are discussed in
S2 of the supplementary online appendix, which is available at The World Bank Economic Review website. The NDVI
data were obtained from https://modis.gsfc.nasa.gov/data/dataprod/mod13.php.
A detailed conceptual framework that guides the empirical specification is presented in S1 of the supplementary online
appendix, which is available at The World Bank Economic Review website.
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health behavior and preferences about the pregnancy are prenatal and postnatal visits and whether the
pregnancy was planned. The study also controls for the number of living and deceased children the mother
ever gave birth to as well as parental education and occupation, which are important factors in the child
health production function. Furthermore, the analysis controls for household-level factors such as the age
of the household head, the household size, the number of children under five in the household, the sex of
the household head, religion, wealth index, and the size of the land owned. To account for village- and
region-level factors, the study includes geospatial characteristics—a dummy for an urban area, altitude,
geodesic distance to the market hubs, estimated travel time (in minutes) to the nearest city of more than
50,000 people, population density per square kilometer, and the number of drought episodes between
1980 and 2000. In addition, the analysis accounts for regional and subregional (zone) variations by including region and zone dummy variables and the interaction between region and survey year to capture
region-specific changes over time. Finally, in all specifications, the study includes monthly Normalized
Difference Vegetation Index (NDVI) values to control for area-level drought and food availability.10
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hi jkv =

+6


f
˜

φ
m πk,q(m) +  Wi jkv + μi + δc +

i jkq ,

(2)

m=−9

where
hi jkv = hi jkv − hi jkv ,
πk, q(m) = πk, q(mi ) − πk, q(mi ) ,
Wi jkv = Wi jkv − Wi jkv ,
i jkq =
˜

(i jkq − i jkq ) , {φm }, and  are coefficients, while mother, household, and geographic fixed effects drop
out. Standard errors are clustered at the market level, q. Mother-level characteristics are not included
in Wi jkv . Although equation (2) is an improvement over (equation 1), it still does not difference out
child-level fixed effects, μi . However, the study includes observed characteristics that capture some of the
heterogeneity at the child level. The child-level controls are age, gender, birth month, birth weight, birth
order, duration of breastfeeding, prenatal care, vaccination status, and receipt of vitamin A supplementation, which should capture some variations in unobserved child-specific endowments and biological
predispositions.
Survivor Sample Selection Bias

Another empirical challenge that potentially biases the results is the survivor sample selection problem.
The fertility history in the data shows that 11 percent of all pregnancies end up being terminated, and
9.5 percent of live births die before their fifth birthday. Some of these fetal and infant mortality cases could
be driven by exposure to malnutrition.13 Therefore, the sample could suffer from systematic incidental
truncation, also referred to as survivor sample selection bias, resulting in attenuation of the effects towards
zero (Wooldridge 2002).
There are several possible approaches to address this issue. The first approach is the inverse probability
weighting method, which is a technique commonly used to correct for survivor sample selection bias in
the literature. However, it has limitations in the context of fixed effects specification as the weights are
invariant. Instead, this study applies an alternative approach that involves treating deceased (“missing”)
children as stunted and adding them back into the data. To do this, the analysis creates an auxiliary
outcome variable called “missing or stunted” and estimates the model on controls available for both
surviving and deceased children. If there is no significant survivorship bias, the magnitude and significance
of the coefficients from this auxiliary regression would be expected to be the same as those in specifications
(1) and (2).

12

13

Different terms are used in the literature, including “family fixed effects,” “parent fixed effects,” and “mother fixed
effects.” Given that survey responses about pregnancy and children are given by mothers, such information is used to
difference out “mother-level” fixed effects. While “sibling fixed effects” and “twin fixed effects” are common approaches,
this study’s data are not in a sibling-pair panel form.
The impact of food inflation on mortality is documented in a recent study that uses the same dataset (Kidane and
Woldemichael 2020).
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family preferences, differences in child health production technology, and differences in intra-household
food allocation behavior. Such unobserved heterogeneity could potentially bias the results if it is correlated
with food inflation (i.e., E(i jkq · πk,q ) = 0). Moreover, although market prices enter in the household
optimization problem as given, and identification in the baseline model relies on exogenous variation in
market-level food prices, there is potential endogeneity arising from omitted variables such as area-level
policy changes and environmental factors. For example, factors such as child nutrition interventions by
the government or by nongovernmental organizations could be correlated with child health outcomes.
Such issues can be addressed using the panel fixed effects model. Unfortunately, because the data are
a cross-section of only two rounds, it is possible to net out unobserved heterogeneity only at the family
level using the mother fixed effects specification for children i and i who were born to the same mother. 12
Household- and geographic-level unobserved heterogeneity are also differenced out.
The mother fixed effects model can be written as:
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5. Results and Discussion

Baseline Results

Table 2 presents the results from the baseline model.14 The results in column 1 show that exposure to
1 percentage point higher month-to-month inflation while in utero increases the likelihood of childhood
stunting by 0.009 probability points. Incrementally controlling for child, parental, and household characteristics in columns 2 through 6 slightly decreases the magnitude of the coefficient, which remains
statistically significant. Controlling for birth cohort and age interaction in column 8 decreases the magnitude by more than 40 percent, to 0.0046, suggesting considerable cohort effects. It can be concluded
from the results in the full specification (column 6) that exposure to 1 percentage point higher food inflation while in utero increases childhood stunting by 0.0046 probability points. In other words, a 1
percent increase in month-to-month food inflation results in a 0.96 percent increase in the probability
of childhood stunting.15 However, the study finds no evidence that exposure to food inflation during infancy affects childhood stunting, which could be due to the widespread practice of breastfeeding among
Ethiopian mothers, which seems to provide some cushion against food inflation. Furthermore, the higher
NDVI (lower drought risk) value during infancy is associated with a lower risk of stunting, although the
coefficient is insignificant for exposure while in utero.
Results from Fixed Effects Estimation

The analysis addresses potential threats to identification from unobserved heterogeneity by estimating
the mother fixed effects model specified in equation (2). Children with no siblings drop out of the
sample, reducing the sample size to 8,300, and the panel is short, as 95 percent of children have only
one sibling under five. Thus, the study expects the fixed effects estimate to be inefficient. Table 3 presents
the results.16 The coefficient on exposure while in utero without added controls is 0.0119 (column 1).
14
15

16

The study also estimates the regression using continuous HAZ scores. The results are reported in table S3.4 in the
supplementary online appendix which is available at The World Bank Economic Review website.
To put this into perspective, children who were in utero during the inflationary episode of 2008–2009—during which
average month-to-month food inflation was 5.9 percent—have a 0.027 probability point (or a 5.65 percent) higher risk
of stunting. This result is obtained by dividing the probability point increase for a 5.9 percent inflation increase by the
average stunting rate, i.e., 100*(5.9*0.0046)/0.4803.
The analysis also estimates the model using random effects in which the unobserved child-level heterogeneity is assumed
to be normally distributed. The magnitude of the coefficient on in utero exposure is between the mother fixed effects and
OLS estimates, and the standard error is much smaller than the mother fixed effects estimation. Overall, the estimates
remain consistent across OLS, fixed effects, and random effects estimations. The results of random effects estimates are
reported in table S3.6 in the supplementary online appendix, which is available at The World Bank Economic Review
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This study’s primary interest is to estimate the effects of exposure to food inflation while in utero and
during infancy on the stunting status of children aged 6–59 months measured at survey time. This section
presents and discusses the results. The first set of results are from the OLS estimation of the baseline
specification shown in equation (1), including average month-to-month inflation while in utero and during
infancy. The second set of results are from the mother fixed effects estimation of equation (2), which
addresses possible bias due to unobserved heterogeneity at the mother, household, and geographic levels.
Although this study has a small panel of two siblings, which potentially inflates the standard errors, the
fixed effects estimation addresses a more pressing threat to identification—unobserved heterogeneity. The
analysis then presents the results from the estimation that addresses heterogeneous effects depending on
the month of exposure. Monthly NDVI values are included, which are a good proxy for food shortage
and drought. Finally, this article discusses the robustness of the results to false discovery and potential
threats to identification. The study reports robust standard errors clustered at the market level throughout
all specifications.
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Table 2. OLS Estimates of the Effects of Exposure to Food Inflation while in Utero and during Infancy on Stunting

Month-to-month inflation while in utero
Month-to-month inflation during infancy

Average NDVI during infancy

Observations
R-squared
Age and month of birth dummies
Child characteristics
Household characteristics
Mother’s characteristics
Father’s characteristics
Geographic characteristics
Survey year–region interaction
Age–birth cohort interaction

(2)

(3)

(4)

(5)

(6)

0.0094***
(0.0014)
−0.0007
(0.0008)
0.0006
(0.0004)
−0.0021***
(0.0005)

0.0081***
(0.0014)
0.0000
(0.0007)
0.0005
(0.0004)
−0.0019***
(0.0005)

0.0080***
(0.0014)
0.0001
(0.0008)
0.0004
(0.0004)
−0.0016***
(0.0004)

0.0080***
(0.0014)
0.0001
(0.0007)
0.0003
(0.0004)
−0.0014***
(0.0005)

0.0081***
(0.0014)
0.0002
(0.0007)
0.0003
(0.0004)
−0.0014***
(0.0005)

0.0046***
(0.0014)
−0.0004
(0.0007)
0.0002
(0.0004)
−0.0009**
(0.0005)

10,581
0.0264
X
–
–
–
–
–
–
–

10,558
0.0608
X
X
–
–
–
–
–
–

10,506
0.1156
X
X
X
X
X
–
–
–

10,462
0.1249
X
X
X
X
X
X
–
–

10,462
0.1297
X
X
X
X
X
X
X
–

10,462
0.1385
X
X
X
X
X
X
X
X

Source: Authors’ analysis based on data from the 2005 and 2010 Ethiopian Demographic and Health Survey (DHS), the monthly Ethiopian Central Statistical Agency
(CSA) retail food price data from July 2001 to November 2012, and the monthly Normalized Difference Vegetation Index (NDVI) for Ethiopia between February
2000 and December 2011.
Note: Robust standard errors are in parentheses and clustered at market level. *** p < 0.01, ** p < 0.05, * p < 0.1. The month of birth is 11 calendar month dummy
variables. “Age and month of birth dummies” is a vector of age, age squared, and 11 dummies for the month of birth. “Child characteristics” is a vector of child-level
control variables including a sex dummy, birth order, a dummy if the child has siblings, dummies for the mother’s categorical subjective assessment of birth weight, a
dummy for whether the mother received prenatal care, a dummy if the child was ever vaccinated, a dummy if they received Vitamin A, and duration of breastfeeding
in months. “Household characteristics” is a vector of household characteristics including household size, a dummy for sex of household head, number of under-five
children in the household, household wealth index, land size in hectares, and a dummy for the religion of the household head. “Mother’s characteristics” is a vector of
mother-level characteristics including marital status, age, height, level of education, age at first birth, BMI, a dummy for anemia status, number of live children ever
gave birth to, number of dead children, occupation, a dummy if antenatal care received, and a dummy if the pregnancy was planned. “Father’s characteristics” includes
an interaction term of marital status of the mother with the husband’s education and occupation. “Geographic characteristics” is a vector of geographic characteristics
including a dummy for being an urban area, altitude in meters, distance to the nearest market center in kilometers, a dummy if the distance to a health care facility
is a “big problem,” slope, population density, drought episodes since 1981, and a set of dummy variables for regions. Age–birth year cohort interactions are age in
months interacted with an integer value of birth years. Standard errors are clustered at the market level.

However, when controlling for child-level factors (column 2), the coefficient decreased slightly, and
adding birth cohort dummies further reduces the magnitude by more than half. Despite the short panel
that inflates the standard error by a factor of two compared to the OLS estimates, the coefficient remains
statistically significant.
As for exposure during infancy, the coefficient remains insignificant even after controlling for childlevel characteristics and birth cohort fixed effects (columns 2 and 3). Children in villages with better
vegetation have a lower risk of stunting. Overall, the fixed effects estimation results are consistent with
the OLS estimates, although the standard errors are larger.
Heterogeneous Effects

To unpack the heterogeneity that depends on month of exposure, the analysis runs the models by including
the month-to-month food inflation that the child was exposed to from conception. This means adding
15 month-to-month inflation variables corresponding to the specific months of exposure—the 9 months of
the normal gestation period and 6 months after birth.17 Figure 2 shows the coefficients from the OLS and

17

website. The corresponding HAZ score results are reported in table S3.5 in the supplementary online appendix, which
is available at The World Bank Economic Review website.
The analysis also reports the results from OLS and fixed effects estimation with the adjusted p-values (q-values) in table
S3.7 in the supplementary online appendix which is available at The World Bank Economic Review website.
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Table 3. Mother Fixed Effects Estimates of the Effects of Exposure to Average Inflation while in Utero and during Infancy
on Stunting

Month-to-month inflation while in utero

Average NDVI while in utero
Average NDVI during infancy

Observations
R-squared
Number of siblings
Age and month of birth dummies
Child characteristics
Age–birth cohort interaction

(2)

(3)

0.0119***
(0.00263)
−0.00316**
(0.00124)
0.000425
(0.000740)
−0.00320***
(0.000879)

0.0111***
(0.00258)
−0.00141
(0.00114)
0.000329
(0.000719)
−0.00307***
(0.000871)

0.00406*
(0.00270)
−0.00251
(0.00118)
0.000121
(0.000729)
−0.00221***
(0.000837)

10,581
0.052
8,322
X
–
–

10,558
0.123
8,308
X
X
–

10,558
0.139
8,308
X
X
X

Source: Authors’ analysis based on data from the 2005 and 2010 Ethiopian Demographic and Health Survey (DHS), the monthly Ethiopian Central Statistical Agency
(CSA) retail food price data from July 2001 to November 2012, and the monthly Normalized Difference Vegetation Index (NDVI) for Ethiopia between February
2000 and December 2011.
Note: Robust standard errors are in parentheses and clustered at market level. *** p < 0.01, ** p < 0.05, * p < 0.1. The month of birth is 11 calendar month dummy
variables. “Age and month of birth dummies” is a vector of age, age squared, and 11 dummies for the month of birth. “Child characteristics” is a vector of child-level
control variables including a sex dummy, birth order, a dummy if the child has siblings, dummies for the mother’s categorical subjective assessment of birth weight, a
dummy for whether the mother received prenatal care, a dummy if the child was ever vaccinated, a dummy if they received Vitamin A, and duration of breastfeeding
in months.

fixed effects estimations, including the full list of control variables. It shows that the OLS and mother fixed
effects estimation coefficients have similar magnitudes. The OLS estimation’s coefficients on exposure
during the fourth month (i.e., five months before birth, or B−5), the fifth month (B−4), the seventh
month (B−2), and the eighth month (B−1) of pregnancy are all statistically significant. These months
correspond to the second and third trimesters. In the fixed effects estimation, only the coefficient on
the eighth month of pregnancy is statistically significant. Regardless, the results underscore considerable
heterogeneity arising from the timing of exposure. It is important to note that the study did not find
significant effects from exposure during infancy.
It is difficult to rely on the results in fig. 2, however, due to the problem of false positives (false discovery) associated with testing multiple hypotheses simultaneously (Benjamini and Hochberg 1995, 2000;
Benjamini and Yekutieli 2001). In this study, 15 hypotheses are tested, corresponding to each month
of exposure simultaneously, resulting in the possibility of false discovery in some of the coefficients.
More specifically, with k = 15 hypotheses tested simultaneously at a confidence level of α, there is a
1 − (1 − α)k chance of false discovery (Rouam 2013). This implies that at an α = 10 percent level of
significance, there is a 79 percent chance that the analysis incorrectly rejects the null of at least one hypothesis.18 To identify the coefficients for which the null hypothesis is incorrectly rejected due to false
discovery, the false discovery rate (FDR) is computed for each estimate.
Figure 3 shows the FDR-adjusted p-values (also referred to as q-values) and the unadjusted p–values
on the y-axis for the OLS (panel A) and fixed effects (panel B) models.19 Although a 10 percent cut-off
point was used to reject the null hypothesis, the FDR-adjusted p-values are much lower, at 0.77 percent.
18
19

Thanks go to the editor for pointing out the issue and for his helpful suggestions that informed the FDR corrections for
this study’s multiple hypothesis testing.
The study uses Benjamini and Yekutieli’s (2001) method—a commonly used FDR control technique—to calculate the
q-values. The multproc procedure in Stata is used.
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Figure 2. Fixed Effects and OLS Estimates of the Effects of Exposure to Month-to-Month Inflation on Stunting.

Agency (CSA) retail food price data from July 2001 to November 2012.
Note: Robust standard errors are in parentheses and clustered at market level. *** p < 0.01, ** p < 0.05, * p < 0.1. The y-axis shows the estimated coefficient on the
month-to-month staple food inflation of the mth month. The x-axis shows the month of exposure between the first month of pregnancy and six months after birth.
The OLS estimates include all the controls in table 2, specification (6), whereas the mother fixed effects estimates include all the controls in table 4, specification (2).
B−1 denotes 1 month before birth (eighth month of pregnancy), B−2 denotes two months before birth (seventh month of pregnancy), B−3 denotes three months
before birth, etc. And B + 1 denotes one month after birth, B + 2 denotes two months after birth, etc.

Therefore, based on the 0.78 percent criteria, the analysis accepted the null for the OLS coefficient on
the seventh month (B−2) and the fifth month (B−4) of pregnancy as well as the sixth month after birth,
the latter of which was incorrectly rejected based on the unadjusted p–value. However, the study finds
no fixed effects coefficients incorrectly rejected. Hence, it can be confidently inferred that the OLS and
fixed effects coefficients on the fourth month (B−5) and eighth month (B−1) of pregnancy are statistically
significant.
As discussed in section 4, survivor sample selection is another potential source of bias. Table 4 presents
the results after adjusting for survivor sample selection bias by reclassifying deceased children as “missing
or stunted.” It shows that the magnitude of the adjusted coefficients on in utero exposure is much higher
than that of the unadjusted coefficients in the main OLS and fixed effects specifications. For instance, the
magnitude of the adjusted OLS coefficient on exposure while in utero is larger than that of the unadjusted
coefficient reported in table 2. Similarly, in the fixed effects estimation of the “missing or stunted” sample,
the magnitude of the coefficient is larger—almost 60 percent larger—compared to the coefficient in table 3,
which does not address bias arising from survivors’ sample selection. Therefore, survivor sample selection
bias is an important factor that attenuates exposure to food inflation towards zero.
The analysis re-estimates the OLS and mother fixed effects models and includes month-to-month exposure to check whether the estimates are sensitive to survivor sample selection bias. The magnitude and
significance of the coefficients are indeed sensitive to survivor sample selection. The coefficient on exposure remains stable up to the eighth month in utero. Moreover, coefficients that were previously not
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Figure 3. q- Values and Unadjusted p-Values for the OLS and Fixed Effects Coefficients on Specific Month of Exposure on Stunting.
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Source: Authors’ analysis based on data from the 2005 and 2010 Ethiopian Demographic and Health Survey (DHS) and the monthly Ethiopian Central Statistical
Agency (CSA) retail food price data from July 2001 to November 2012.
Note: Robust standard errors are in parentheses and clustered at market level. The x-axis shows the OLS and fixed effects coefficients. The y-axis shows q-values and
unadjusted p-values. The solid red dots represent the unadjusted p-values. The hollow gray circles represent the q-values (adjusted p-values). The parallel horizontal
lines show the critical unadjusted p-value of 10 percent and the FDR adjusted p-value (q-values) of 0.7 percent for the OLS and 0.78 for fixed effects estimation.
The OLS model includes all the controls in table 2, specification (6), whereas the mother fixed effects model includes all the controls in table 3, specification (3). B−1
denotes 1 month before birth (i.e., the eighth month of pregnancy), B−2 denotes two months before birth (i.e., the seventh month of pregnancy), B−3 denotes three
months before birth, etc. And B + 1 denotes one month after birth, B + 2 denotes two months after birth, etc.
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Table 4. Effects of Exposure to Average Inflation while in Utero and during Infancy on Stunting

Month-to-month inflation while in utero

Average NDVI while in utero
Average NDVI during infancy

Observations
R-squared
Age and month of birth dummies
Child characteristics
Household characteristics
Mother’s characteristics
Father’s characteristics
Geographic characteristics
Survey year–region interaction
Age–birth cohort interaction
Number of siblings

Mother fixed
effects: “missing or
stunted”

0.0050***
(0.0013)
−0.0003
(0.0007)
0.0002
(0.0003)
−0.0008**
(0.0004)

0.0064**
(0.0026)
−0.0030*
(0.0010)
0.0002
(0.0006)
−0.0020***
(0.0007)

11,748
0.1950
X
X
X
X
X
X
X
X
–

11,741
0.1220
X
X
–
–
–
–
–
X
8,866

Source: Authors’ analysis based on data from the 2005 and 2010 Ethiopian Demographic and Health Survey (DHS), the monthly Ethiopian Central Statistical Agency
(CSA) retail food price data from July 2001 to November 2012, and the monthly Normalized Difference Vegetation Index (NDVI) for Ethiopia between February
2000 and December 2011.
Note: Robust standard errors are in parentheses and clustered at market level. *** p < 0.01, ** p < 0.05, * p < 0.1. “Age and month of birth dummies” is a vector
of age, age squared, and 11 dummies for the month of birth. “Child characteristics” is a vector of child-level control variables including a sex dummy, birth order, a
dummy if the child has siblings, dummies for the mother’s categorical subjective assessment of birth weight, a dummy for whether the mother received prenatal care,
a dummy if the child was ever vaccinated, a dummy if they received Vitamin A, and duration of breastfeeding in months.

significant (e.g., exposure during the third month of pregnancy) become statistically significant in the
fixed effects estimation that addresses survivor sample selection bias. Survivor sample selection creates
bias by attenuating the coefficients downwards, and the unadjusted coefficients can be considered the
lower bound.
Robustness Checks of Survey Timing and Age Misreporting

The results above could still be sensitive to potential age misreporting and survey timing.20 The analysis
observes that children measured during the first and last months of the survey periods indeed have a higher
weight and a lower proportion of stunting in both waves. There seems to be a systematic relationship
between stunting status and birth month. Children born in the rainy season (June, July, and August) have
relatively low stunting rates.21 In addition, given that Ethiopia follows a different, 13-month calendar
20

21

Agarwal et al. (2017) show that there is a spurious correlation between month of birth, age-at-measurement, and child
growth patterns using DHS data. Similarly, Larsen, Headley, and Masters (2018) find that the misreporting of age
attenuates the estimates on HAZ scores and stunting. In particular, it results in lower HAZ scores for children born
earlier in the calendar year, around December and January, and children whose age is just below a rounded age due to
rounding. These reporting problems introduce a nontrivial amount of bias on estimated stunting.
For the sake of brevity, this study does not show the figures reporting the correlation between survey timing and stunting
status, but they are available from the authors upon request. Ethiopian DHS data field collection took place between
April 27, 2005, and August 20, 2005, and between December 27, 2010, and June 3, 2010, for the 2005 and 2010 waves,
respectively.
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Table 5. Robustness Checks of Survey Timing and Month-Of-Birth Effects (OLS)

Month-to-month inflation during infancy
Average NDVI while in utero
Average NDVI during infancy

Observations
R-squared
Age and month of birth dummies
Child characteristics
Household characteristics
Mother’s characteristics
Father’s characteristics
Geographic characteristics
Survey year–region interaction
Age–birth cohort interaction

(3)
Control for interview
month + excluding
children born in
June–November

0.00449***
(0.00139)
−0.000375
(0.000748)
0.000178
(0.000358)
−0.000897**
(0.000447)

0.00439***
(0.00142)
−7.63e-05
(0.000780)
1.81e-05
(0.000352)
−0.000687
(0.000471)

0.00394**
(0.00169)
−0.00186
(0.00127)
−0.000251
(0.000728)
−0.000483
(0.000738)

10,462
0.140
X
X
X
X
X
X
X
X

9,472
0.140
X
X
X
X
X
X
X
X

4,918
0.165
X
X
X
X
X
X
X
X

Source: Authors’ analysis based on data from the 2005 and 2010 Ethiopian Demographic and Health Survey (DHS) and the monthly Ethiopian Central Statistical
Agency (CSA) retail food price data from July 2001 to November 2012.
Note: Robust standard errors are in parentheses and clustered at market level. *** p < 0.01, ** p < 0.05, * p < 0.1. The OLS estimates include all the controls
in table 2, specification (6).

system that begins in September and ends in August, with an additional month called “Puagme,” it is
possible that the age of children born in Puagme was misreported or rounded. Therefore, not controlling
for the birth month and survey timing could introduce additional bias.
To check whether the results are sensitive to these problems, the analysis runs the model excluding
children interviewed at the beginning and end of the survey periods: April and August 2005, and December
and May 2010. It also excludes from the analysis children born in June–November. Table 5 presents the
results. The coefficients and the standard errors remained the same (column 1), suggesting that the results
are not biased due to possible measurement error arising from survey timing.
Similarly, when children born at the start and end of the survey period are excluded, the coefficients
remain unchanged (column 2), although the magnitude decreases slightly (column 3) when the interview
month is controlled for and children born in June–November are excluded. The standard error also increased slightly, presumably because about half of the observations were lost. Regardless, the main results
still hold and remain robust to both survey-timing and month-of-birth bias.

6. Concluding Remarks
High food prices erode the purchasing power of poor households and undermine dietary quality and
total energy intake, compromising child growth and cognitive development. This paper investigates the
health consequences of exposure to food inflation during early life using data from the Ethiopian DHS
and monthly local retail food price data. The study matches local food inflation with each child’s early
life months since conception. It finds that exposure to food inflation during early life has detrimental
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7. Data Availability Statement
The data underlying this article are available at DOI:10.5281/zenodo.6543736.
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