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Ensaios sobre Saúde e Educação nos Países

em Desenvolvimento

Resumo

Esta tese inclui três ensaios sobre saúde e educação no contexto de países em desenvolvimento. O primeiro

ensaio (Capítulo 2) documenta a magnitude da desigualdade socioeconómica nas competências linguísticas

em crianças em idades pré-escolar e escolar no Peru. Os resultados indicam a existência de desigualdade so-

cioeconómica nas competências linguísticas que se manifestam desde idades precoces, ainda antes do início

da escolaridade formal. O estatuto socioeconómico dos pais é o principal fator explicativo da desigualdade

socioeconómica observada. Uma análise mais aprofundada revela que tanto as alterações na desigualdade

dos agregados familiares como a elasticidade associada contribuem para a alteração da desigualdade so-

cioeconómica nas competências linguísticas das crianças, no período observado.

O segundo ensaio (Capítulo 3) investiga a relação entre a exposição a conflitos armados durante a infância

e os níveis de educação em idade adulta. Os resultados indicam não existir uma relação estatisticamente

significativa entre a exposição durante a infância e a probabilidade de concluir o ensino básico e o ensino

secundário inferior. Esta conclusão sugere resiliência das comunidades num contexto de conflito prolongado.

Finalmente, o terceiro ensaio (Capítulo 4) estuda o impacto na saúde da criança da exposição pré-natal

à seca. Os resultados revelam um efeito prejudicial da exposição, particularmente no que respeita à altura

da criança, sobretudo, quando ocorre nos primeiro e últimos trimestres da gravidez. Os cuidados pré-natais

surgem como um fator protetor dos riscos climáticos. Estes resultados sugerem a importância de realizar

investimentos na proteção contra os choques climáticos, sobretudo em contextos de baixos rendimentos.

Palavras-chave: Capital humano, Desigualdade, Educação, Países em desenvolvimento, Saúde.
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Essays on Health and Education in

Developing Countries

Abstract

This thesis encompasses three essays on health and education in the context of developing countries. The first

essay (Chapter 2) documents themagnitude of socioeconomic-related inequality in language skills in preschool

and school-age children in Peru. The results indicate the existence of socioeconomic-related inequality in

language skills that manifests itself from an early age, even before the start of formal schooling. Parental

socioeconomic status is the main factor explaining the observed socioeconomic-related inequality. Further

analysis reveals that both changes in household wealth inequality and the associated elasticity contribute to

the change in socioeconomic-related inequality in children’s language skills over the observed period.

The second essay (Chapter 3) investigates the relationship between exposure to armed conflict during

childhood and schooling outcomes in adulthood. The results indicate no statistically significant relationship

between exposure to conflict during childhood and the likelihood of completing primary and lower secondary

education. This finding suggests communities resilience to conflict, particularly in the context of protracted

armed conflict.

Finally, the third essay (Chapter 4) studies the impact of prenatal exposure to drought on children’s health.

The results reveal a detrimental effect of prenatal exposure to drought in child health, particularly regarding

child height. The effects are stronger during the first and final trimesters of pregnancy. Lower crop yields

emerge as the key channel for this negative effect. Prenatal care appears to be a protective factor against

climate risks. These findings shed light on the importance of investment in adaptation as a buffer against

weather shocks, particularly in low-income settings.

Keywords: Developing countries, Education, Health, Human capital, Inequality.
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Chapter 1

General Introduction

Health and education are the most critical dimensions of human capital. These dimensions of human capital

interact in many ways. For example, good health at an earlier age fosters cognitive development, enabling

healthier children to reap a greater benefit from schooling. Moreover, better health implies higher school

attendance and educational attainment. There is also an overwhelming evidence on the positive effects of

education on health and huge discussions on the mechanisms (Furnée et al., 2008). This factor makes health

and education stronger predictors of an individual’s productivity, especially when acquired at the early age.

Investment in health and education contributes to economic welfare through a skilled and healthy labor force.

In this respect, health and education are strong markers of social development and nations’ wealth. Globally,

human capital in the form of health and education investment, constitutes the largest component of a nation’s

wealth, with nearly 70% contribution, particularly from high income countries (Lange et al., 2018). Moreover,

the long-lasting benefits of early health and education inputs are observable across multiple socioeconomic

dimensions, including labor market outcomes (Black et al., 2007; Currie and Almond, 2011; Gertler et al.,

2014; Almond et al., 2018; Bütikofer et al., 2019; Rossin-Slater and Wüst, 2020; García et al., 2023).

Improving education and health is thus a primary development goal in its own right. The adoption of the

Millennium Development Goals (MDGs) in 2000 and thereafter, the Sustainable Development Goals (SDGs) in

2015 by the United Nations are a strong marker of an international consensus concerning the importance of

1



health and education, as instrumental for human development (United Nations, 2024a,b). 5 of the 8 MDGs

focus on improving education and health as primary development goals1. Simarly, the SDGs 3 and 4 entail

promoting quality education and good health for all. In this respect, education and health emerge as essential

components for the attainment of the other 15 goals. In the last decades, several countries have witnessed

progress on some health and education indicators, particularly life expectancy and school enrollments. Life

expectancy has witnessed a substantial rise, from 53 to 71 years old in low-and middle-income countries

(LMIC) between 1970 and 2018 (World Bank, 2024). Likewise, primary school enrollments are near universal,

with a rate of about 98% in LMIC (World Bank, 2024). This considerable progress in education and health in

developing countries signals a strong policy emphasis on these issues among governments and international

organizations.

Yet significant parts of the world still suffer from insufficient education and health outcomes, particularly

in developing countries. Approximately two-thirds of the world’s school-age children lack basic skills, with the

largest share in Sub-Saharan Africa (SSA), accounting for about 94% (Gust et al., 2024). Likewise, child mor-

tality remains a pressing challenge in the developing world. About 79 children per 1000 lives birth die before

reaching their fifth birthday in SSA (World Bank, 2024). Moreover, malnutrition during childhood is prevalent,

with about 25% stunting rate among under-five children across LMIC (World Bank, 2024). Poor health and ed-

ucation are the main drivers of poverty and the transmission of disadvantages across generations. Addressing

poor health and education is therefore, the same as combating poverty.

This thesis consists of three independent chapters, each of which explores factors that affect health

and education outcomes in developing countries. Chapter 2 examines the extent of socioeconomic-related

inequality in language skills between preschool and school-age children in Peru. Peru is a country with a

higher enrollment rate but poor learning outcomes. The main contribution of this chapter is employing a dif-

ferent approach to inequality in education outcomes through the concentration index and its decomposition

techniques–a state-of-the-art in the health economics literature (Van Doorslaer et al., 1997; Kakwani et al.,

1997). The findings reveal that socioeconomic-related inequality in language skills, favoring the better-off,

emerges from an earlier age and persists throughout adolescence, albeit dropping. Parental socioeconomic

1The five goals related to health and education include: eradicating hunger, achieving universal primary education, reducing
child mortality, improving maternal health and combating infectious diseases, such as malaria.
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status is the main contributor to the observed socioeconomic-related inequality in language skills. The con-

tribution stems from the influence of household wealth with respect to child language skills and household

wealth inequality itself. This chapter is forthcoming in the Journal of Economic Inequality2.

Chapter 3 investigates the relationship between childhood exposure to armed conflicts and schooling

outcomes in the Democratic Republic of Congo (DR Congo). The DR Congo has experienced decades of violent

conflicts since the 1990s, with higher death tolls and an increased number of internally displaced persons

(Coghlan et al., 2007; IDMC, 2022). The study exploits variation in conflict exposure across birth cohorts and

the DHS clusters. We combine the geo-coded information from the Demographic and Health Survey (DHS)

with the Armed Conflict Location Event dataset (ACLED) to construct a measure of armed conflict exposure

at the DHS cluster level, which we refer as the village level. The key finding shows no statistically significant

relationship between armed conflict exposure during childhood and the probability of completing primary and

lower secondary schooling. These findings suggest a community resilient to conflict, especially in the context

of prolonged armed conflict. Moreover, the results indicate that the relationship between conflict exposure

and schooling outcomes is context specific, in line with existing evidence (Verwimp and Van Bavel, 2014).

For instance, evidence regarding conflict-education nexus is mixed in the literature, and depends on different

factors, such as the level of conflict intensity and institutional context of the country3 (Unfried and Kis-Katos,

2023).

Chapter 4 investigates the effect of in utero exposure to drought on child health outcomes in Zambia.

Zambia is a country prone to frequent drought, which often results in recurrent crop failure and food insecurity.

Additionally, malnutrition remains a pressing challenge, with nearly 34% of stunted children (World Bank,

2024). This chapter merges birth histories from the Zambian DHS with weather information from the global

Standardized Precipitation Evapotranspiration Index (SPEI) data. The empirical strategy exploits monthly

variations in drought episodes within survey villages. The findings indicate that drought exposure while in

utero results in poor health outcomes in early childhood, particularly in terms of height. The effects are

homogeneous across child gender and location of residence. A lower crop yield is a key channel through

which prenatal drought exposure affects child health outcomes. The result further suggests that prenatal

2The paper is available at: https://link.springer.com/article/10.1007/s10888-023-09615-4
3See section 3.2.3 for more details.
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care use by a qualified healthcare professional may mitigate the adverse effect of drought on child health

outcomes. This finding points to the importance of investment in adaptation, as a potential smoothing factor

against adverse weather conditions. This chapter is under review in the World Development, since February

2024.

Finally, chapter five outlines the main findings, policy implications and limitations associated with each

study.
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Chapter 2

Exploring socioeconomic-related inequality

in children’s cognitive achievement

2.1 Introduction

Socioeconomic inequality is a significant risk factor, as it has negative effects on many outcomes such as

health and education outcomes. Across low-and middle-income countries, millions of young children at the

bottom of the income distribution are at heightened risk of poor physical and cognitive development (Grantham-

McGregor et al., 2007). Poor cognitive development may translate into lower educational attainment, fewer

employment opportunities and lower labor market earnings in adulthood (Case and Paxson, 2008; Almond

and Currie, 2011a; Hanushek et al., 2015). These disadvantages constitute a substantial cost to society,

reducing the overall economic welfare and social mobility, hence perpetuating inequities across generations

(Hanushek and Woessmann, 2008; Corak, 2013; Neidhöfer, 2019).

The World Bank’s 2018 Development Report, with an emphasis on the learning crisis, highlights the

implications of non-school factors, including socioeconomic status, on the education system itself (World

Bank, 2018). Peru is no exception in this regard. Indeed, despite a higher school enrollment than the Latin
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American and Caribbean (LAC) countries average, Peruvian children from disadvantaged families perform

worse than their peers from less disadvantaged socioeconomic backgrounds (OECD, 2016). As a highly

unequal country with a 0.42 Gini coefficient, among the highest in the Latin American region (World Bank,

2021), Peru could attribute a large portion of poor learning outcomes to significant inequality of opportunities,

making socioeconomic status an important factor for student achievement. It is estimated that socioeconomic

background differences account for more than 20% of variations in PISA (Programme of International Student

Assessment) mathematics results, the highest share among LAC countries (OECD, 2016), which suggests an

unequal education system. In this context, it is important to understand how human capital accumulation

varies by household socioeconomic status.

This paper explores the extent of socioeconomic-related inequality in language skills between preschool

and school-age children, as well as the factors explaining such inequalities using longitudinal data from the Pe-

ruvian Young Lives survey. Such analysis is important because understanding how these inequalities emerge

and evolve from a very young age is crucial for public policies aimed at reducing income and educational

inequality observed later in adulthood. The question resonates with the core principle of equal opportunities,

by which children’s outcomes should not be based on the circumstances in which they have little or no control,

namely their parents’ socioeconomic status (Roemer and Trannoy, 2016).

Moreover, early cognitive skills are an important determinant of labor market outcomes (Heckman et al.,

2006; Sahn and Villa, 2016; Glewwe et al., 2017). On the one hand, recent evidence suggests that numeracy

skills are a stronger predictor of wages than literacy skills (Hanushek et al., 2015). But, on the other hand,

language skills are more related to home factors than any other cognitive skills. Studies have consistently

found that children with more advantaged socioeconomic status (SES) appear to better develop linguistic

skills before starting formal schooling, as their families may provide a more stimulating home environment for

their children than less disadvantaged ones (Fernald et al., 2013; Weisleder and Fernald, 2013; Pace et al.,

2017; Von Stumm et al., 2020). Focusing on language skills is particularly relevant to understanding the

impact of family background inequalities on child development.

Since the seminal work of Coleman et al. (1966), the strong association between parental socioeconomic

status and their children’s educational outcomes has been a well-established fact in the literature (see Björk-
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lund and Salvanes, 2011, for a review). Most of the studies focus on how home factors affect children’s

outcomes, especially at a young age (Cunha et al., 2006; Todd and Wolpin, 2007). Other studies suggest

that a more disadvantaged family environment may have a more detrimental effect on young boys than girls’

outcomes (Autor et al., 2019, 2023). Early age is a critical period for human capital development when chil-

dren are particularly malleable to skills acquisition (Cunha and Heckman, 2008, 2009). A growing literature

from low-and middle-income countries shows that cognitive outcomes from differences in SES emerge before

a child’s exposure to formal school, with evidence from children younger than 2 years of age in Peru, Senegal,

Indonesia, and India (Fernald et al., 2012), preschool-age children in Ecuador (Paxson and Schady, 2007),

Colombia (Rubio-Codina et al., 2015) and Madagascar (Fernald et al., 2011). In the same vein, Cunha and

Heckman (2007) show that socioeconomic gap in cognitive skills appears early and remain unchanged during

the early stage of schooling in the US.

While there is consistent evidence of a widening SES gap in language ability in early childhood age (Paxson

and Schady, 2007; Fernald et al., 2011; Schady et al., 2015; Behrman et al., 2017), the evidence regarding

socioeconomic inequality’s pattern in language ability during the middle childhood age is mixed. For instance,

evidence from longitudinal studies shows that socioeconomic differences in child cognition flatten after the

age of 8 in Madagascar (Galasso et al., 2019) and narrow between ages 5 and 12 in Peru and Vietnam, as

opposed to the remaining countries from the multi-country Young Lives longitudinal data4, Ethiopia and India,

where there is no such pattern (Reynolds et al., 2017). In another study, Abufhele et al. (2022) report a

persistent socioeconomic gap in children’s language performance, with a decreasing magnitude between the

ages 2 and 12 in Chile. A mixed evidence emerges also from studies outside developing countries, particularly

among primary and secondary student cohorts in the US. An earlier study reports an increasing income-based

academic achievement among cohorts born between 1972 and 2001 (Reardon, 2011). On the other hand,

Hanushek et al. (2019) show that SES achievement gap among US primary and secondary school age student

cohorts has remained unchanged in the past four decades. Recent studies show a decreasing SES gap in

academic achievement for the same cohort (Hanushek et al., 2022; Hashim et al., 2023; Nielsen, 2023).

However, these studies offer no clear explanation for such a pattern.

4See section 4 for further explanation on Young Lives data.
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This work extends the existing literature in several ways. First, we provide new evidence on the evolution

of the socioeconomic-related inequality in child language skills over an extensive age range, looking not only

at early childhood but also at the adolescent years. Indeed, most studies rely on cross-sectional data, and

the limited studies on longitudinal data typically focus on early childhood. Second, the previous literature has

largely focused on raw test scores as outcomes, which does not take into account that test items may vary in

their degree of difficulty. Our work overcomes this limitation by using a common measure of test scores over

time, generated through the item response theory (IRT). The IRT allows for the evolution of a child’s language

ability across different ages while accounting for the difficulty level of the item. Third, we take a different

approach to the analysis of inequality in education outcomes by relying on the concentration index and its

decomposition, which is commonly used in the health economic literature to examine income-related health

inequality (Van Doorslaer et al., 1997; Kakwani et al., 1997). Notable exceptions are Martins and Veiga (2010)

and Bouhlila (2017) who apply the same approach in the context of European and Middle East and North Africa

(MENA) countries, respectively. Unlike this paper, both studies focus on cross-sectional data and secondary

school-aged students. A straightforward approach to assessing socioeconomic-related inequality in language

achievement would be an analysis of variation in mean test score achievement across wealth quintiles, for

instance. Although suitable, such an approach only provides a half picture of how the language achievement

variable may vary across the entire socioeconomic status distribution and cannot fully capture the degree of

socioeconomic-related inequality when the socioeconomic variable is continuous (Wagstaff et al., 2007).

Our approach allows us to examine socioeconomic-related inequality in test scores not only across the

entire socioeconomic distribution but also in an extensive way. First, we estimate the level of socioeconomic-

related inequality in language achievement for children aged 5 years, 8 years, 12 years, and 15 years using a

longitudinal sample from Peru. Then, we decompose socioeconomic-related inequalities into several contribut-

ing factors for each age. Finally, we explore the changes in the contributing factors of socioeconomic-related

inequality in language skills between ages 5 and 15, a pattern under-explored in most existing studies. For

each decomposition exercise, the contributing factors are split into elasticity and socioeconomic inequality

components. This distinction comes in handy as it may offer insights into public policy, whether the focus

should be directed on the elasticity or the socioeconomic inequality component.
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We find evidence of socioeconomic-related inequality in the Peabody Picture Vocabulary Test (PPVT) score

starting at an early age, with a relatively higher level in preschool than the adolescence age. The regression

estimates from language achievement suggest the relevance of family socioeconomic status on child perfor-

mance in PPVT scores. Similarly, our decomposition analysis strengthens this finding, showing that family

socioeconomic status explains a large fraction of the socioeconomic-related inequality in language achieve-

ment. After accounting for past achievements, the relative contribution of parental socioeconomic status

diminishes but still plays a substantial role. The persistent effect of skills emerges as a major contributor

in explaining socioeconomic-related inequality at age 15, consistent with the self-productivity nature of skills,

meaning that skills produced at one stage augment the acquisition skills at a later stage as in Cunha and

Heckman (2007). Our decomposition analysis also documents that, in most cases, changes in the elasticity of

the determinants rather than changes in socioeconomic inequalities in the determinants account for changes

in socioeconomic-related inequality in language achievement between ages 5 and 15. However, household

wealth shows a different pattern, with changes in household wealth elasticity and wealth inequality explain-

ing differences in socioeconomic inequality PPVT score. The findings are robust to alternative measures of

socioeconomic status, namely household expenditures and parental education.

The remainder of the chapter is organized as follows. Section 2.2 provides background on the education

context in Peru. The empirical approach is provided in section 2.3. Section 2.4 describes the data. Sections

2.5 and 2.6 present the results, and robustness checks, respectively. Section 2.7 concludes the study.

2.2 The Peruvian education context

Peruvian basic education consists of pre-primary, primary and secondary education. Pre-primary education

is provided by two types of institutions: Centros de Educación Inicial (CEIS) and Programas no Escolarizados

de Educación Inicial (PRONOEI). The former is a formal early childhood program for children aged 3 to 5,

while the latter is a non-formal community center that typically serves children of the same age in rural and

marginal urban areas. Primary education lasts six years and is for children aged 6 to 11. Finally, secondary

education is a five-year program for children between 12 and 16 years of age. These levels are mandatory,
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as per the General Law of Education 2003 (Ley General de Educación).

After decades of remarkable economic performance, the Peruvian education sector has seen considerable

progress, with high levels of coverage. Today, more children are enrolled in school, with almost no significant

regional and gender differences, indicating greater access to basic education for the marginalized part of the

population. The net enrollment5 is near universal level, with more than 90% of primary school age students

enrolled, and access to preschool, as well as secondary education, have witnessed a substantial participation

rate well above the LAC countries average, with a gross enrollment ratio6 of around 89.2% and 97.6%, re-

spectively, in 2015, compared to about 74.6% and 94.6% in LAC, for the same level of schooling (UIS, 2022).

Similarly, the gross enrollment ratio for pre-primary education is above the LAC average, corresponding to

about 89.2 % against 74.7 % in 2015 (UIS, 2022).

Despite this notable improvement, learning outcomes remain relatively poor. According to the Programme

of International Student Assessment (PISA) results, Peru was ranked 64th out of 70 countries present in the

assessment of educational quality in 2015, making the 15-year-old student group one of the worst performers

among the participating countries (OECD, 2016). A similar pattern emerges from the primary school level,

with only 27% of students showing satisfactory skills in basic quantitative reasoning from a national student

assessment designed for second-grade students (INEI, 2016), reflecting a low level of quality in the education

sector.
5The student’s enrollment of the official age group for a given level of education expressed as a percentage of the population

in that age group.
6The total enrollment of students in a specific level of education, regardless of their age, expressed as the percentage of the

official school-age corresponding to this level of education.
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2.3 Empirical Methods

2.3.1 Measurement and decomposition of socioeconomic-related inequality

Our approach to measuring socioeconomic-related inequality in language achievement relies on the concen-

tration index (CI), a standard measure of inequality in the health economics literature (Kakwani et al., 1997;

Van Doorslaer et al., 1997).

Graphically, the concentration curve represents the cumulative share of the outcome variable of interest

(e.g. test score) against the cumulative proportion of individuals, ranked by their socioeconomic level, from

the poorest to the richest. The concentration index is then defined as twice the area between the concentration

curve and the diagonal (Kakwani et al., 1997), where the diagonal represents the line of equality. If the curve

lies above the line of equality, the concentration index is negative, then socioeconomic inequality favors the

disadvantaged groups, and when below, socioeconomic inequality is in favor of the rich.

Consider a language test score measure Ai, with i = 1, 2, ...n and assign a rank ri to each child i

primarily based on their relative position across the socioeconomic status distribution, with the child from

the poorest families ranked first, and that of the richest families ranked last. The concentration index (CI) of

language achievement (Ai) can be represented, analogously to Erreygers and Van Ourti (2011), as in equation

(2.1):

CI =
2

n2Ā

n∑
i=1

RiAi (2.1)

whereAi denotes the language achievement outcome for child i, Ā is the mean of the language achievement

and Ri is the fractional rank of child i, defined as Ri = ri − n+1
2
, where ri is the rank of child i in the

socioeconomic distribution. The concentration index is bounded within the interval [−1, 1], with a negative

(positive) value, indicating a pro-poor (rich) inequality, that is, the achievement in the test score favors the

children from the worst-off (better-off) families. If the concentration index is null, there are no socioeconomic-
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related inequalities in language achievement.

Furthermore, from equation (2.1), we can compute the gini coefficient (G) for language achievement (Ai)

by using the distribution of achievement test scores as the ranking variable instead of the SES measures

to capture overall inequality in language achievement Ai. Then, the relative importance of socioeconomic-

related inequality in language achievement in relation to the overall inequality in language achievement can

be expressed as the ratio CI/G.

The CI can be estimated through a convenient regression following Kakwani et al. (1997):

2σ2
R

(
Ai

Ā

)
= ρ+ ρ1Ri + υi (2.2)

where 2σ2
R is the variance of the fractional rankRi, and ρ is the constant term. The coefficient of the rank ρ1

is an estimate of the CI, which is equivalent to the value obtained from equation (2.1)7. υi is the error term.

The concentration index, as defined above, simply indicates the magnitude of socioeconomic-related

inequality, and can be decomposed into the main contributing factors using regression-based decomposition

methods, as proposed by Wagstaff et al. (2003).

Let us assume a cognitive production function given by the following linear regression model

Ai = α +
∑

k
βkxki + ϵi (2.3)

where α is the intercept term, xki is a vector of the determinants of cognitive production for child i and ϵi

is the error term. The estimated βk will be used in the decomposition equations (2.4)-(2.6) to capture the

contribution of individual factors xk to socioeconomic-related inequality in language achievement, in which

each contribution is the product of the elasticity of language achievement Ai with respect to factor xki and

the degree of socioeconomic-related inequality in factor xki.

Following Wagstaff et al. (2003), substituting equation (2.3) into (2.1) yields

7See Kakwani et al. (1997) for more details.
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CI =
K∑
k=1

βk

(
2

n2Ā

n∑
i=1

xkiRi

)
+

2

n2Ā

n∑
i=1

ϵiRi (2.4)

CI =
K∑
k=1

(
βk
Ā
x̄k

)
ck +

GCϵ

Ā
(2.5)8

where βk

Ā
x̄k captures the elasticity of Ai with respect to xk evaluated at the sample mean (x̄k and Ā)

and ck is the concentration index for the explanatory variable xk (defined analogously to CI in equation

(2.1)). βk are the regression coefficients from equation (2.3) to be estimated. xk is the k-th determinant

of child language achievements as defined in equation (2.3). x̄k is the mean of the xk variable. GCϵ, the

generalized concentration index for the error term (ϵi) as defined in equation (2.3), is computed as GCϵ =

2
n2

n∑
i=1

ϵiRi (the second term of equation (2.4)). It represents the residual component of CI decomposition,

referring to inequality in child language achievement that cannot be explained by systematic variation across

socioeconomic groups in the variables (xk). Equation (2.5) corresponds to the decomposition of the CI by

age.

Complementary to a decomposition analysis by age, is decomposing changes in the socioeconomic-

related inequalities between preschool (age 5) and school-age period (age 15). Wagstaff et al. (2003) further

suggested an approach to exploring changes in the concentration index over time by applying an Oaxaca

decomposition type to equation (2.5)

∆CIt =
K∑
i=1

ηkt(ckt − ckt−1) +
K∑
i=1

ckt−1(ηkt − ηkt−1) + ∆
GCϵ

Āt

(2.6)

where ∆CIt = CIt − CIt−1 denotes a change in the concentration index, and ηkt is the elasticity of the

language achievement Ai with respect to a contributing factor (xk) at age t (t = 5, 8, 12, 15), defined as

ηkt = βkt

Āt
x̄kt, as in equation (2.5). The first term of equation (2.6) reflects the extent to which changes

in inequalities in language achievement are driven by changes in inequality in the determinants of language

8Given that ck = 2
n2x̄k

n∑
i=1

Rixki, then
n∑

i=1

Rixki = ck
2 n2(x̄k). Substituting this expression in equation (2.4) gives

equation (2.5).
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achievement and the second term of equation refers to the extent to which changes in inequality in language

achievement are driven by changes in the elasticities of the determinants of language achievement xk.

2.3.2 Estimation of the cognitive achievement production

We consider a cognitive production function, in which a child’s achievement in the test score depends on

the entire history of the family and school inputs, as well as the child’s own ability (Todd and Wolpin, 2003,

2007). The estimation strategy relies on two alternative specifications. First, we consider a contemporaneous

specification, relating the current achievement to current inputs. The model is estimated separately for each

age, as follows:

Ai = α +
∑

k
βkxki + ϵi (2.7)

where Ai is the language achievement of the child i; xki is a set of explanatory variables that are the deter-

minants of cognitive achievement, including family inputs, school inputs as well as child’s specific character-

istics; βk are the coefficients, and ϵi is the error term containing unobserved and omitted determinants of

achievement. The βk estimated through equation (2.7) will be used in the decomposition, as in equations

(2.4)-(2.6), to capture how each determinant separately contributes to socioeconomic-related inequality in lan-

guage achievement. The model is estimated by Ordinary Least Squares (OLS) separately for different ages,

namely ages 5, 8, 12 and 15.

However, OLS imposes strong assumptions and estimates are likely to be biased due to unobserved

and omitted variables. For instance, the unobserved ability may affect the performance of children in test

achievement. The common way to deal with this caveat is to estimate a value-added specification model,

in a way that features the cumulative process of skill acquisition, with the lagged test scores minimizing the

omitted bias (Todd and Wolpin, 2003, 2007). The model for panel data is expressed as follows:

Ai,t = δ + γAi,t−1 +
∑

k
θkxki,t + µi,t (2.8)
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where γ is the persistence coefficient; θk includes the input coefficients; δ is the constant term and µi,t is the

error term. The γ and θk estimated through equation (2.8) will be used in the decomposition, as in equations

(2.4)-(2.6). The lagged test scores serve as sufficient statistics for the past inputs and unobserved child abili-

ties. While the Generalized Method of Moments (GMM) is often recommended for dynamic panels, particularly

for addressing potential endogeneity in lagged dependent variables, we chose to rely on an OLS-based estima-

tion approach under the value-added specification. This decision is based on findings from previous studies

that suggest OLS can provide robust and consistent estimates in dynamic settings under certain conditions

(Guarino et al., 2015). Specifically, the inclusion of prior achievement controls for unobserved heterogeneity

and selection bias related to the grouping and assignment mechanisms, thereby mitigating the risk of omitted

variable bias (Andrabi et al., 2016; Singh, 2015). Additionally, recent simulations comparing dynamic model

estimators show that, in some cases, OLS is more resilient than GMM to structural assumptions and is less

sensitive to potential weak instrument problems that can affect the reliability of GMM (Guarino et al., 2015).

Given these considerations, and the consistency of our results with existing empirical literature, we believe

the OLS approach adequately captures the relationships in our model while offering greater interpretability

and simplicity.

2.3.3 Empirical strategy

The empirical strategy employed in this paper involves the following step and analysis: First, we explore

graphically the degree of socioeconomic-related inequality in the child’s language skills across age groups

through the concentration curve, and we estimate the CI, as in equation (2.2) by age group. We also test for

the differences in CI in language performance between preschool and school ages, following the Chow test of

equality of coefficients (Chow, 1960).

Second, we estimate the cognitive achievement production function (equations (2.7) and (2.8)), which is

used in the decomposition of socioeconomic-related inequalities in child language performance to capture the

contribution of each determinant in CI, as in equation (2.5). Each contribution is the product of elasticity and

degree of socioeconomic inequality in the variable itself. Finally, we go further in the decomposition analysis
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by decomposing the change over time in socioeconomic-related inequality in child language performance

(Equation (2.6)).

2.4 Data

This study employs data from the Peruvian Young Lives9 sample, a longitudinal survey which initially followed

two cohorts of children: 1000 children born in 1994-95 and 2000 children born in 2001-02. The survey

comprises five waves, undertaken between 2002 and 2016. This paper focuses only on the younger cohort,

for whom a common measure of achievement is available for all the survey rounds. The sample is nationally

representative, excluding only 5% of the richest part of the country. The attrition rate is relatively low, with

about 90% of the original sample still in the subsequent rounds.

The survey contains rich information on family socioeconomic backgrounds, as well as child development

measures, such as cognitive assessment tests. We use the Peabody Picture Vocabulary Test (PPVT), as a

measure of language skills. It was first given to the younger cohort children in the second round, and the

children were asked to select the correct picture that best matches the word presented orally to them by the

examiner.

The test contains 125 items and was administered in Spanish and some indigenous languages of Peru.

such as Quechua. Each student answers to a different subset of those items, which requires an appropriate

technique to compute each student’s test score. The test score is then generated using the item response

theory (IRT)10, an approach widely used in international comparison assessment tests, such as Trends in

International Mathematics and Science Study (TIMSS). The key advantage of IRT is not only does it generate

a comparable test score across time for a common item but also captures the probability of a child answering

a given item correctly based on the difficulty level. As the test item cannot be equated across different

languages due to the effect of cultural variation, only the tests administered in Spanish were generated using
9Young Lives is a longitudinal study of child poverty, which tracked two cohorts of children in four low-and middle-income

countries: Ethiopia, India (only the state of Andhra Pradesh), Peru and Vietnam.
10See Das and Zajonc (2010) for further details. The PPVT IRT is based on the maximum likelihood estimate, generated

using the OpenIRT command in Stata, written by Das and Zajonc (2010).
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IRT. Accordingly, we restrict our sample to individuals who took the test in Spanish, which represents about

90 percent of the sample. We use the IRT to generate a test score based on the 125 items, normalized to

have a mean of 500 and a standard deviation of 100. We have performed robustness checks using the whole

sample and the results are similar to that of the restricted sample.

Our measure of socioeconomic status is the household wealth index, which is a simple average of three

sub-indices: the housing quality index, the access to basic service index and the consumer durable index.

The housing quality sub-index is a simple average of the quality of materials used in the construction of the

family home such as floor, wall, and roof. The access to service sub-index is computed as a simple average of

access to basic services such as electricity, safe drinking water, sanitation, and adequate fuel for cooking. The

consumer durable sub-index is the simple average of a set of dummy variables, indicating whether households

own common consumer durables such as mobile phones, refrigerators, televisions, automobiles, motorcycles,

and so on.

While there is no consensus on how to measure socioeconomic status, an asset-based wealth index is

thought to capture the long-term household economic status in a similar way to consumption expenditures

(Filmer and Pritchett, 2001). Likewise, parental education is closely related to permanent income as it is stable

over time (Schulz, 2005). Furthermore, it has been shown that permanent income has a stronger effect on

child development than current income (Blau, 1999). Despite these similarities, the ranking of households

within the distribution may differ as a result of a specific component of SES (Filmer and Scott, 2008). The

household expenditure adjusted by household size and parental education will be used for robustness checks.

There are other variables in the data that enter the model specification. Its definition is provided in detail

in Table 2.1.
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2.5 Results

2.5.1 Socioeconomic-related inequalities in child language performance

We begin our analysis by exploring the degree of socioeconomic-related inequality in the child’s language

skills across ages. Figure 2.1 shows the concentration curve for different ages. We plot the cumulative

proportion of children’s performance in PPVT scores across the wealth distribution ranking. The diagonal

captures the line of equality. The concentration curve lies below the diagonal for each age range, indicating

that socioeconomic inequality in child performance in PPVT favors those from better-off families. However,

socioeconomic inequality in test score performance seems to be more pronounced in earlier than later ages.

Table 2.2 shows the estimation results for the concentration index as given by equation (2.2), which

is estimated separately for each age group. The concentration index is positive and statistically significant

across all age groups, implying the existence of socioeconomic inequality in language achievement, favoring

children from well-off families. However, we observe a relatively high level of socioeconomic-related inequality

at age 5 with an estimate of 0.069 (Table 2.2(1)). This finding suggests that the socioeconomic gradient

emerges before the child’s entrance into formal school. On the other hand, we can notice little change in

socioeconomic-related inequality in test score performance during the school years, with a lower CI size at

the adolescent age, as shown by the CI of 0.054 in the last row of column 1 of Table 2.2. Such a pattern

may imply that socioeconomic-related inequality in language achievement changes less as children get older,

albeit dropping.

On average, socioeconomic-related inequality in language achievement accounts for more than 50% of

the total inequality in language achievement, with about 67% at age 5 (Table 2.2(3)). Moreover, we can notice

that overall inequality in language achievement is quite stable across ages, with a Gini coefficient of about

0.10 (Table 2(2)).

Although Table 2.2 provides some insight into socioeconomic-related inequality in children’s language

performance by age groups, it does not indicate whether differences in the CI across different ages are
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statistically significant. To provide more information, we conduct a Chow test of the coefficient equality

(Chow, 1960). The test for the difference in the CI in Table 2.3 indicates a statistically significant reduction in

socioeconomic-related inequality in language performance between the ages of 5 and 15, although differences

are small (-0.015). However, we do not find any significant difference in the CI between the ages of 5 and 8.

This finding is similar to previous studies from both the developing countries and the US, showing that the

socioeconomic gap in language appears very early and remains unchanged during the early stage of schooling

(Cunha and Heckman, 2007; Rubio-Codina et al., 2015; Schady et al., 2015). In addition, we observe a

decreasing socioeconomic-related inequality in language performance at age 15. This finding complement

previous studies that typically focus on younger aged children (Reynolds et al., 2017). Family characteristics

may impact more language performance during the early age, which could explain why socioeconomic-related

inequality in language performance remains unchanged between the ages of 5 and 8. As children progress

through late childhood, the impact of home factors on language development tends to become stable and

other factors, such as school may come into play. This might decrease, to some extent socioeconomic-related

inequality in language performance during late childhood. Additionally, a decline in socioeconomic inequality

itself may reduce socioeconomic-related inequality in language performance over time. This pattern suggests

that the influence of family inputs in socioeconomic-related inequality in children’s language performance may

have different effects at different stages of childhood.

Moreover, our findings could be relevant in other settings, particularly in developing countries where a

greater majority of children are exposed to poor home environments during the early ages. In such a setting,

socioeconomic-related inequality in language performance is more likely to emerge strongly from an early age.

However, a declining pattern in socioeconomic-related inequality in language performance observed in this

study could be different from other developing countries, as there is some decline in socioeconomic inequality

in Peru over time, despite being high (World Bank, 2021)11. Galasso et al. (2019) shows that socioeconomic

differences in children’s language ability emerge at ages 3-4 years and flatten after the age of 8 in Madagascar.

In Chile, Abufhele et al. (2022) report a persistent socioeconomic gap in children’s language performance,

starting from an early age, with a decreasing magnitude between the ages of 2 and 12.

11The gini coefficient has decreased from around 0.54 to 0.43 between 2002 and 2016, which corresponds to the observed
period in this study (World Bank, 2021).
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Overall, the results suggest that children from lower socioeconomic groups enter formal school with a

significantly lower level of language skills than their peers from higher socioeconomic groups, and these

disadvantages change less throughout the school years, albeit declining. Note that, we have performed

robustness checks with a balanced panel and the results are similar.
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Figure 2.1: Socioeconomic inequality in PPVT score performance across all age range
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Table 2.2: Socioeconomic-related inequality in language achievement

CI G CI/G
(1) (2) (3)

Age 5 0.069∗∗∗ 0.103∗∗∗ 0.670
(0.002) (0.001)

Age 8 0.067∗∗∗ 0.107∗∗∗ 0.626
(0.002) (0.001)

Age 12 0.062∗∗∗ 0.106∗∗∗ 0.585
(0.002) (0.001)

Age 15 0.054∗∗∗ 0.107∗∗∗ 0.505
(0.002) (0.001)

Notes: CI is estimated based on equation (2.2), that is, the point estimates for the CI and the standard errors
are obtained using a convenient regression approach (Kakwani et al., 1997). Robust standard errors
in parenthesis. Significance levels: *, 10%; **, 5%; ***, 1%. The language skill is measured by PPVT
standardized with mean 500 and SD 100. The socioeconomic status measure is the household wealth.
G is the overall inequality in language achievement, and it is based on equation(2) with PPVT score as
the ranking variable. Source: Peruvian Young Lives survey; own computations.

Table 2.3: Differences in socioeconomic-related inequality in language achievement between preschool and school
ages.

Differences in CI

Age 8 and Age 5 -0.001
(0.003)

Age 12 and Age 5 -0.007∗∗∗

(0.003)
Age 15 and Age 5 -0.015∗∗∗

(0.003)

Notes: CI is estimated based on equation (2.2), that is, the point estimates for the CI and the standard errors
are obtained using a convenient regression approach (Kakwani et al., 1997). Differences in CI are tested
by means of a Chow test (Chow, 1960) of equality of coefficients. Robust standard errors in parenthesis
Significance levels: *, 10%; **, 5%; ***, 1%. The language skill is measured by PPVT standardized with
mean 500 and SD 100. The socioeconomic status measure is household wealth.
Source: Peruvian Young Lives survey; own computations.
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2.5.2 Cognitive achievement regression

The estimation results for the cognitive achievement production (equations (2.7) and (2.8)) are provided in

Table 2.4. Each column reports the estimate for the respective ages of children. columns (1)-(4) refer to the

contemporaneous specification, while the value-added specification is shown in column (5). The estimates

do not differ much in terms of significance and sign but the size of the coefficient drops significantly after

controlling for the lagged test scores.

The results suggest a positive association between household wealth and child performance in language

achievement across all ages. The strongest association, however, is observed in column 2, with household

wealth associated with a 2.12 SD increase in language test scores performance at age 8. With the inclusion of

the lagged test score, the size of the household wealth coefficient diminishes to 0.75 SD (Table 2.4(5)). It may

be the case that important omitted factors, including school characteristics, may overestimate the association

between household wealth and test scores in the contemporaneous specifications. On the other hand, 1 SD

increase in the lagged achievement implies a 0.39 SD increase in test scores performance at age 15 (Table

2.4(5)). The result shows that lagged achievement, reflecting the accumulative effect of skills, is an important

predictor of achievement at age 15.

There seems not to be gender differences in the test score performance at age 5 (Table 2.4(1)), and

yet boys tend to perform better in the PPVT than girls during the school years. The coefficient from the

contemporaneous specification shows a higher magnitude than the one obtained from column 5. The test

performance is 0.18 SD higher for boys (Table 2.4(5)).

As expected, the performance in the test scores is lower for children with poor nutrition. However, it is not

clear whether this association gets stronger with age. Nonetheless, the lowest association is observed in the

value-added model,where the test performance is 0.19 SD lower for children who are stunted (Table 2.4(5)).

While the contemporaneous specification (Table 2.4 (1)-(4)) seems to suggest evidence of an association

between preschool participation and performance in the PPVT, the significance disappears after controlling for

the lagged test scores at age 5 (Table 2.4(5)). Preschool participation appears to have a stronger association
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during the earlier age, as we would expect. The performance in the PPVT score is 0.37 SD higher for children

who attended preschool education (Table 2.4(1)).

We can also note important differences in test performance between children living in urban and rural

areas, with a larger magnitude at age 5. For instance, Table 2.4(1) shows that the performance in the test

scores is 0.41 SD higher for those in urban areas.

Although the results yield useful information on the association between child test score performance and

socioeconomic status, they must be interpreted with caution as they do not capture causality. This finding

suggests the relevance of socioeconomic status for child performance in test score achievement.
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2.5.3 Decomposing socioeconomic-related inequalities in child language per-

formance

We now turn to the decomposition of various factors associated with child language achievement. Table 2.5

provides the sources of the socioeconomic-related inequality in children’s performance in the PPVT for the

respective age, as given by equation (2.5).

By and large, household wealth explains more than half of the socioeconomic-related inequality in child

performance across all age groups, ranging from 68.1% to 73.5% (Table 2.5). For each age, the contribution

stems from the combined effect of the concentration index ck and elasticity effects ηk. The relatively larger

size of the elasticity effect (0.23) at age 8 (Table 2.5(4)) may point to a strong positive association between

household wealth and a child’s test performance in line with the regression estimates in Table 2.4. This

means that children from wealthy families tend to perform better in test scores performance.

The socioeconomic disparities between rural and urban areas account for substantial socioeconomic-

related inequality in language achievement, contributing to around 16% of the socioeconomic-related inequality

in test score performance (Table 2.5(3)). After age 8, we observe a widening in the socioeconomic inequalities

between rural and urban areas, favorable to urban residents, which explains the potential increase to around

18.5% in the size of the contribution to socioeconomic-related inequality in test scores performance at age 15

(Table 2.5(12)).

There is a great deal of socioeconomic inequality in poor nutrition that is disproportionately concentrated

among the worse-off children, as given by the ck, ranging from 0.35 to 0.32 (Table 2.5). However, the

small association between a child who is stunted and test scores reduces the overall contribution, making it

modest in explaining socioeconomic-related inequality in test score performance, ranging from 4.7% to 7.4%

(Table 2.5). Living in a small household, being the first born and participating in preschool play a little role

in the observed socioeconomic-related inequality in language achievement, contributing less than 5% of this

inequality (Table 2.5).

Overall, the decomposition results suggest the importance of the combination of wealth inequality in Peru

26



with family socioeconomic background in explaining socioeconomic-related inequality in the language ability

between preschool and school-age (from age 5 to age 15).

However, the results change when accounting for lagged achievement at age 5. Table 2.6 displays the

decomposition of the socioeconomic inequality in language performance at age 15. After accounting for the

lagged achievement, the relative contribution of household wealth diminishes from 0.68 to 0.32 (compare

column 3 of Tables 2.5 and 2.6). Nonetheless, it still plays a non-negligible role in explaining socioeconomic-

related inequality in child language performance at age 15. The high socioeconomic inequality (0.14) rather

than the elasticity of language achievement with respect to family wealth (0.09) is the most important observ-

able contributor to the socioeconomic-related inequality in test scores (Table 2.6).

The past achievement in language performance emerges as amajor contributor to the observed socioeconomic-

related inequality in language achievement at age 15, with a contribution of 53.4% (Table 2.6(3)). This finding

is consistent even when using the test scores at age 8 (Table A7 in the Appendix A). On the other hand,

the results seem to suggest that schools reproduce the existing pattern of socioeconomic inequality in test

scores, favoring the well-off since children from higher socioeconomic groups are more likely to achieve bet-

ter scores than those from lower socioeconomic groups. This is in line with previous evidence showing that

disadvantaged children learn less in school than their peers in Peru (Glewwe et al., 2017).
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Table 2.6: Decomposition of socioeconomic-related inequality in PPVT scores at age 15 for the VAM

ηk ck Cont
(1) (2) (3)

Wealth index 0.0967 0.1459 0.3180
Lagged PPVT (age 5) 0.3849 0.0615 0.5337
Male 0.0178 0.0099 0.0040
First born 0.0085 0.0892 0.0171
Child stunted -0.0053 -0.3054 0.0366
Child attended preschool 0.0152 0.0236 0.0081
Mother age 0.0339 0.0007 0.0005
Small household size 0.0142 0.0460 0.0148
Head of household female -0.0008 -0.0548 0.0010
Urban 0.0146 0.1495 0.0492
Both parents alive -0.0279 -0.0001 0.0000

Notes: The decomposition of CI using equation (2.5), accounting for the lagged PPVT at age 5.
PPVT measures the language achievement and is normalized with mean 500 and SD 100.
ηk=elasticity defined as

βk

Ā
(x̄k), ck = the concentration index for xk. cont= contribution to CI .

Source: Peruvian Young Lives survey; own computations.

2.5.4 Decomposing change in socioeconomic-related inequality in child lan-

guage performance

Simply relying on the decomposition by age does not allow for exploring the source of changes in socioeconomic-

related inequality over time. Table 2.7 presents the sources of changes in the socioeconomic-related inequality

in language achievement between preschool and school age, as given by the Oaxaca-like decomposition (equa-

tion (2.6)). The first component,∆ck, represents the variation in socioeconomic inequality attributable to the

change in the concentration index for each factor xk, given the constant elasticity, and the second component,

∆ηk, is the change in elasticity, reflecting the change in the relative importance of each factor xk in explaining

changes in the distribution of test score performance in the language achievement. The final column, which

is a combination of these two components, indicates how much change in the concentration index can be

explained by changes in each factor xk.

In most cases, changes in elasticity appear far more important in explaining the change in socioeconomic-
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related inequality associated with performance in language achievement between the preschool and school

years. For preschool participation, for instance, the change in socioeconomic-related inequality is negligible

(0.0001), and it is attributable to changes in the relative importance of participation in preschool education

on test scores performance (Table 2.7(2)).

Changes in household wealth emerge as an important driver of the observed change in socioeconomic-

related inequality in language performance between the ages of 5 and 15, with changes in household wealth

inequality and its associated change in elasticity contributing almost equally to the observed socioeconomic-

related inequality in language performance, as shown by 0.02 and 0.01, respectively (Table 2.7(1)-(2)). Fur-

thermore, we can notice a decline in the overall wealth inequality as shown in Table 2.7(1). This decreased

in inequality coincide with higher level of wealth, as shown by a wealth index of 0.63 at age 15 (see Table

2.1(5)).

Furthermore, the change in elasticity with respect to stunted children appears to explain the change

in socioeconomic-related inequality in test score performance between preschool and school age, as given

by 0.0024 (Table 2.7(2)). Such a result seems to point out that policy should be directed at affecting the

elasticity rather than the socioeconomic inequality component itself. An example could be policies that affect

the nutritional status of children, such as school feeding programs.
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Table 2.7: Changes in socioeconomic-related inequality in PPVT scores between ages 5 and 15

∆ck ∆ηk total
(1) (2) (3)

Wealth index -0.0238 0.0124 -0.0114
Male -0.0001 0.0002 0.0001
First born -0.0001 0.0007 0.0006
Child stunted -0.0002 -0.0024 -0.0026
Child attended preschool 0.0001 -0.0008 -0.0008
Mother’s age -0.0004 0.0000 -0.0004
Small household size -0.0002 0.0007 0.0004
Head of household female -0.0001 0.0001 -0.0001
Urban 0.0007 -0.0023 -0.0016
Both parents alive 0.0000 -0.0001 -0.0000

Notes: The change in decomposition to CI is computed based on Equation (2.6).
PPVT measures the language achievement and is normalized
with mean 500 and SD 100. ∆ck= change in ck; ∆ηk=change in elasticity.
ηk = βk

Ā
(x̄k).

Source: Peruvian Young Lives survey; own computations.

2.6 Robustness checks

2.6.1 Alternative measures of socioeconomic status

Although there is no single way to measure socioeconomic status, there is some general agreement that

components of socioeconomic status such as parental education, household expenditures, and wealth better

reflect the household’s permanent income and have a strong association with child development outcomes

(Brooks-Gunn and Duncan, 1997; Blau, 1999; Filmer and Pritchett, 2001). Furthermore, proxies of socioe-

conomic status are closely related (See Table A12 in the Appendix A). In this section, we assess the degree

to which our finding is sensitive to the use of parental education and household expenditures per capita as

measures of SES instead of the wealth index. The results are reported in the Appendix A.

Tables A1 and A2 provide the results of the concentration index using household expenditure and parental

education, respectively. The findings show that the estimate of the concentration index is slightly similar to
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the baseline results obtained from the household wealth as a measure of socioeconomic status (Table 2.2).

The only difference is that the pattern of socioeconomic-related inequality, as measured by the CI is relatively

stable when using parental education instead of household wealth. Nevertheless, the findings point to the

existence of socioeconomic inequality in language performance in favor of children from better-off families. A

similar pattern emerges from the decomposition analyses, which exhibit a closer finding to the baseline result

from Table 2.5, as shown in the Appendix A (Tables A5 and A6).

Tables A3 and A4 present the test for the difference in the CI based on the Chow test of equality of

coefficients (Chow, 1960) using household expenditures and parental education, respectively. The results

are consistent with those in Table 2.3. The exception is that we do not find any significant difference in the

concentration indices when using parental education for all the age groups (see Table A4).

Overall, the alternative measures of socioeconomic status have little influence on the main findings of this

analysis.

2.6.2 Sample restriction

The restriction of the sample to children who took the PPVT in Spanish may introduce sample selection bias,

and therefore affect the estimated results of our study. We check whether our findings are robust to the

inclusion of children who took the test assessment in the Quechua language. The results are provided in the

Appendix A.

Tables A8 and A9 show that the inclusion in the sample of children who took the PPVT in the Quechua

language does not affect our main results. In table A8, the concentration index presents a similar feature of

socioeconomic-related inequality in test score performance, with little change across all age ranges as shown

in Table 2.2. Furthermore, the decomposition results in Table A8 display a very similar result to that of the

baseline result in Table 2.5, showing that household wealth itself accounts for the bulk of socioeconomic-

related inequality in test score performance across all age ranges.

An additional concern may be the attrition of the sample and missing observations across some periods
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since this could introduce heterogeneity in the distribution of wealth and affect the stability of our estimated

results. We address this issue by restricting the sample to the same observations across all rounds. Again,

Tables A10 and A11 are similar to the baseline result in terms of the degree and source of socioeconomic

inequality in test scores (See Tables 2.1 and 2.2).

2.7 Conclusions and Discussion

Differences in cognitive outcomes that emerge from early ages explain substantial variation in several later-life

outcomes, including performance in school, employability, and earnings. In this chapter, we investigated the

evolution of socioeconomic-related inequality in language skills for children between the ages of 5 and 15 years

old in Peru. First, we employ the concentration index to estimate the extent of socioeconomic-related inequality

in language achievement. Then, we estimate the achievement regression, which is used in the decomposition

analysis as contributing factor to socioeconomic-related inequality. The decomposition of socioeconomic-

related inequality is then divided in two main components: the elasticity of language performance to each

factors and the degree of socioeconomic-related inequality in that factor itself. Lastly, we decompose the

source of changes in socioeconomic-related inequality in language performance between ages 5 and 15.

This study complements evidence from both developed and developing countries. The results suggest

that socioeconomic inequality in language achievement, favoring the well-off, emerges from the early ages

and persists until adolescence, albeit dropping. This finding is consistent with the previous evidence showing

that disparities in child cognition change little during middle childhood (Galasso et al., 2019). The regression

estimate from the language achievement shows that household wealth is positively associated with child

better performance in test scores. The decomposition exercises mirror this finding, indicating that family

socioeconomic status combined with a high level of socioeconomic inequality accounts for a significant portion

of the observed socioeconomic-related inequality in language achievement. However, after controlling for

lagged achievement, the persistence of past achievement emerges as a major contributor at age 15. The

relative importance of family wealth reduces but still plays a critical role in explaining socioeconomic-related

inequality in performance in test scores. The results remain unchanged even when using the achievement
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in the PPVT scores at age 8. The high persistence of test scores may imply the effect of school influence in

explaining the difference in test score performance to some extent (Castro and Rolleston, 2018) although we

lack data to further explore such mechanism.

These findings highlight important policy implications. First, our results from the concentration index

emphasize the importance of intervening at an earlier age. For instance, Sánchez et al. (2020) document

cognitive gains from children exposed to Juntos conditional cash transfer during their first four years of life in

Peru. These interventions can narrow socioeconomic-related inequality between students at the start of the

school. Second, the decomposition results seem to point out that reducing socioeconomic-related inequality

in language achievement would imply policies that address either the elasticity or the socioeconomic inequality

component of family wealth. However, some trade-offs need to be considered. For instance, reducing the

association between family wealth and child language achievement via the elasticity component may decrease

the average test score performance. Therefore, policies seeking to promote equity would require in-depth

assessment of cost and benefit analysis associated with each component, which is beyond the scope of this

paper.

This study is not without limitations. The exclusion of 5% of the richest part of the country from the

data sampling approach may underestimate socioeconomic-related inequality in the estimated results. Like-

wise, the measurement errors in the household wealth index may either overestimate or underestimate the

estimated results, as it is self-reported. Another limitation is that the result should not be interpreted as a

causality. Furthermore, we lack sufficient information on school characteristics. Further research should ex-

plore the interaction between the schools and family factors in relation to socioeconomic inequality in child

cognitive development, including its evolution.
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Chapter 3

Armed conflict and schooling outcomes in

the Congo

3.1 Introduction

Developing countries have become a hotspot of armed conflicts in recent years. For example, virtually one-

third of Sub-Saharan African (SSA) countries have experienced some form of violent conflicts since the 1990s

(Gleditsch et al., 2002; Raleigh et al., 2010; SIPRI, 2022). This proliferation of armed conflicts poses a

significant development retardation, with deleterious consequences for the civilian population. It is no surprise

that the 2011 World Development Report named armed conflict as the major development issue of our time

(World Bank, 2011). Indeed, households in conflict-affected areas face multiple risks, including death, injury,

malnutrition, disease, asset loss, and forced displacement. The negative consequences of armed conflict

may be severe for children. Well-established studies show that children are particularly vulnerable to armed

conflict, as exposure during this critical development period may result in a substantial human capital loss

(Alderman et al., 2006a; Currie and Vogl, 2013; Cuesta and Leone, 2020).

This chapter investigates the relationship between exposure to armed conflict during childhood and school-
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ing outcomes in the Democratic Republic of Congo (DR Congo). The DR Congo has suffered from decades of

violent conflict since the mid-1990s, especially in the eastern provinces. The second Congo war was particu-

larly brutal, causing severe humanitarian crises. During this period, the country recorded one of the highest

death tolls since World War II, with more than 3.8 million fatalities between 1998 and 2004 (Coghlan et al.,

2007). Similarly, the number of internally displaced people is the highest on the African continent, estimated

at 5.4 million since the beginning of the conflict in 1996 (IDMC, 2022). Later, the Congo War gave rise to

a series of smaller conflicts in the eastern regions, which continued to severely impair the local population’s

livelihoods.

Our empirical approach exploits variation in conflict intensity across birth cohorts and DHS cluster lev-

els, combining the Demographic and Health Survey (DHS) with the Armed Conflict Location Event Dataset

(ACLED). We use the geographical coordinate information from both datasets to construct our measure of

conflict exposure. Then, we interact this measure of conflict exposure with the birth cohorts following the

standard approach in the literature (Chamarbagwala and Morán, 2011; Swee, 2015). We define the cohort

groups based on the age of exposure at the onset of the conflict, splitting them into affected and unaffected

cohorts. The affected cohorts are individuals between the ages of 6 and 11 at the start of the conflict for the

likelihood of primary school completion as an outcome. For the lower secondary completion outcome, we

consider individuals between the ages of 12 and 13 at the beginning of the conflict. The unaffected cohorts

are individuals between the ages of 12 and 24 at the beginning of the conflict for primary schooling. Individ-

uals between the ages of 14 and 24 are the unaffected groups for lower secondary schooling. These cohort

groups are beyond their school age at the onset of the conflict. We use an additional cohort, those above the

age of 24, at the beginning of the conflict, for the placebo analysis. We also include a set of fixed effects to

control for unobserved shocks. Province fixed effects account for differences in socioeconomic characteristics

across survey villages. Year fixed effects to control for year-specific shocks that may confound the relationship

between armed conflict during childhood and educational outcomes at later ages.

This study makes two contributions to the literature on the legacy of violent conflicts. First, our work is one

of the few studies focusing on protracted armed conflict, an under-explored question in the literature. Most

papers on armed conflict impacts on human capital tend to focus on short-term armed conflicts (Shemyakina,
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2011; Akresh et al., 2012; Minoiu and Shemyakina, 2014; Akresh et al., 2022, 2023). Short-term armed

conflicts are often characterized by a single conflict, and this may not be the case in the context of protracted

armed conflicts. Protracted armed conflicts may have a series of distinct conflicts with varying levels of

intensity. Moreover, in the context of protracted armed conflicts, some public services may still operate, albeit

below the optimal level (Verwimp et al., 2019).

Second, this study uses conflict exposure measures at a finer geographical level. Several studies rely on

conflict exposure at higher administrative units, such as region or district levels (Chamarbagwala and Morán,

2011; Minoiu and Shemyakina, 2012; Justino, 2012; León, 2012; Swee, 2015; Bundervoet and Fransen,

2018). Such an approach may capture an imprecise exposure to conflicts, especially if households reside

in larger districts. In this study, we compute conflict exposure as the weighted average of the number of

conflicts, using the inverse distance between the household location and the conflict site as weights. This

measure accounts not only for households living close to conflict zones but also for those living far away, by

assigning a higher weight to those living close to conflict zones. This is relevant as armed conflicts may have

spillover effects on those living far away from the conflict zone.

Our results reveal no evidence of a negative relationship between exposure to armed conflict during child-

hood and schooling outcomes. The interaction terms between exposure to conflict and affected cohorts are

statistically insignificant for both the probability of completing primary and lower secondary schooling. This

finding suggests a community resilience to conflict, particularly in the context of prolonged armed conflict

(Utsumi, 2022). Furthermore, the result indicates that the relationship between conflict exposure and school-

ing outcomes is context-specific, consistent with existing empirical evidence (Verwimp and Van Bavel, 2014).

For example, evidence regarding conflict-education nexus is mixed in the literature and depends on different

factors, such as the level of conflict intensity and institutional context of the country (Unfried and Kis-Katos,

2023). The findings are robust with alternative definitions of conflict exposures and specifications.

The rest of the chapter proceeds as follows. Section 3.2 provides background on the conflict and the

education system in the Democratic Republic of the Congo. Section 3.3 discusses the literature on armed

conflict exposure and human capital. Section 3.4 describes the empirical approach. Section 3.5 discusses

the results on the association between childhood exposure to armed conflict and schooling outcomes. Section
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3.6 presents the robustness checks for the main results. Section 3.7 concludes the study.

3.2 Background

3.2.1 Conflict context

The DR Congo is a fragile state plagued with protracted armed conflicts. Since the early years of indepen-

dence, the country quickly fell into political chaos, followed by years of dictatorship under the Mobutu regime.

However, the dramatic turning point occurred in the mid-1990s with two major civil wars: the first Congo war

(1996–97) and the second Congo war (1998–2003), the precursors to today’s ongoing conflict, particularly

in the eastern regions.

The origin of recent Congolese conflicts is not clear-cut. Nevertheless, the dominant narrative is a spillover

effect from the 1994 Rwandan genocide (Autesserre, 2010). In the wake of the Rwandan genocide, a massive

inflow of Hutu refugees fled to the Congo, fearing the persecution of the new Tutsi-led government. Most of

the Hutus settled in refugee camps in North and South Kivu, which the former Hutu militia used as their base

to launch attacks on the Tutsi Rwandan government and the local Tutsi population, residing in South Kivu.

As ethnic tensions grew, Uganda and Rwanda, together with the Alliances des Forces Démocratiques pour

la Liberation du Congo (AFDL), launched an anti-Mobutu rebellion in the eastern Congo. The rebellion quickly

erupted into a full-fledged war, becoming what is now known as the first Congo War (1996-1997). The war

ended with the fall of the long-standing Mobutu dictatorship and the control of Kinshasa by the AFDL and its

leader, Kabila, in May 1997. Under intense pressure from the local population, Kabila ordered Rwandan and

Ugandan troops to vacate the country. Soon, disputes arose between Kabila and his former allies–Rwanda

and Uganda. A new rebel movement, the Rally for the Congolese Democracy (RCD), emerged in eastern

Congo in August 1998, setting the stage for the Second Congo War (1998-2003).

The conflict intensified as other parties joined the war. The Hutu Interahamwe and local Mayi Mayi
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militias, as well as troops from Angola, Chad, Namibia, and Zimbabwe, fought alongside the DR Congo forces

against the rebel forces during the war. Unlike the first Congo war, the 1998 war was one of the most

brutal conflicts in the African continent, killing more than 3 million people between 1998 and 2004 (Coghlan

et al., 2007). The conflict started in the Kivu region and quickly spread into other parts of the country. As a

result, the country was split into different sections. The Congolese government controlled the southern and

western parts of the country. The Ugandans and their rebel-backed movements, the Movement for Liberation

of the Congo (MLC) and Rally for Congolese Democracy-Kisangani (RCD-K), occupied a large portion of the

northeast and northwest parts of the countries, particularly the Equator and Orientale provinces. Finally, the

Rally for Congolese Democracy-Goma (RCD-G) seized the central-eastern parts of the country, including the

Kivu regions, the northern part of Katanga, and parts of the Kasai-Oriental provinces. The areas controlled

by the government and MLC experienced little or no fighting, whereas intense military confrontation occurred

in the eastern part, particularly in Nord-Kivu, Sud-Kivu and Ituri (Turner, 2007).

One year after the conflict, the first peace agreement started in July 1999, the Lusaka peace agreement.

The Lusaka ceasefire agreement called for the withdrawal of foreign troops from the fighting zone and the

deployment of UN peacekeeping operations in the Congo. However, fighting continued in the northeastern

part of the country and territories held by the RCD-Goma. The war officially ended in July 2003 after a series

of peace agreements in Pretoria, which led to a transitional government from 2003 to 2006. However, conflict

is ongoing in the eastern regions, particularly in the Kivu provinces, the Ituri district, and northern Katanga,

causing massive humanitarian crises in the country.

3.2.2 Education context

Modern education in the DR Congo emerged in the early 1900s with the establishment of schools by faith-

based organizations, laying the basis for the education system in the post-independence period. The DR Congo

education system consists of primary, secondary and tertiary education. Primary education encompasses

six years of schooling for children aged 6 to 11 and is compulsory. In the final grade of primary education,

children need to pass a national examination, the Test National de Fins d’Etude Primaires (TENAFEP), which
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gives access to secondary education. Secondary education consists of two years of lower secondary level (age

12-13) and four years of upper secondary level (age 13-17). At the end of secondary education, the student

takes a national examination, which gives access to higher education. Public schools are the major providers

of primary and secondary education. The Congolese public school system consists of state schools (Ecole

non-conventionnée) and faith-based schools (Ecole Conventionnée).

During the 1970s and 1980s, the education sector in the DR Congo was expanding rapidly. In the same

period, the primary enrollment ratio stood above 80 percent, even with the widespread use of school fees in

the 1980s, following a drastic reduction of public financing in the education sector (World Bank, 2015). In

the 1990s, including the years of the onset of the war, the education system suffers from a decline in the

enrollment rate at the basic level, with a gross enrollment ratio of 53% compared to two decades ago of 95%

enrollment ratio (World Bank, 2022). In the same period, over 60% of primary school-age children were out

of the education system, higher than the SSA average (41%) (World Bank, 2022).

After a decade of conflict, overall education seems to have improved. For instance, in recent years,

the main indicators of basic education are now converging to the pre-conflict level, with an enrollment level

in primary education of over 90% as of 2010 (World Bank, 2022). However, several factors restrict the

provision and access to education, particularly in conflict-affected areas. The destruction of school facilities

and displacement have kept many children out of school. Such a factor constitutes a development challenge

for a country with over 40% of its population under the age of 15 (World Bank, 2022).

3.3 Literature Review

This study is related to a growing literature on the link between armed conflict and human capital accumulation

(Justino, 2012). While earlier literature primarily focuses on the causes of armed conflict with an emphasis

on greed and grievance (Collier and Hoeffler, 1998, 2004b; Collier et al., 2009), attention has shifted to the

consequence of armed conflict in recent years (Blattman and Miguel, 2010).

The literature on the consequences of armed conflict encompasses both macroeconomic and microe-
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conomic aspects. Empirical evidence on the effect of armed conflict at the aggregate level predicts a quick

recovery to the pre-war trend a few years after the end of the conflict (Blattman and Miguel, 2010; Hodler,

2019). For instance, Davis and Weinstein (2002) show a rapid recovery from heavy bombing in Japanese

cities two decades after World War II. Miguel and Roland (2011) provide similar evidence in the context of the

Vietnam war, with no evidence of long-term impact on poverty. The potential explanation behind such a quick

recovery is that physical capital can be remediated through infrastructure reconstruction and aid program

(Collier and Hoeffler, 2004a; Blattman and Miguel, 2010).

At the microeconomic level, however, findings of recent growing literature suggest a robust negative effect

of armed conflict on educational outcomes (Cuesta and Leone, 2020). Furthermore, the gendered impact

of conflict on education may be context-specific. For instance, the adverse effect of armed conflicts on

education may be stronger for boys as a result of military enrollment (Blattman and Annan, 2010; Swee,

2015), labor force participation (Rodríguez and Sánchez, 2012; Justino et al., 2014) and existing pre-conflict

gender inequalities in educational access (Akresh and de Walque, 2008; Verwimp and Van Bavel, 2014;

Bertoni et al., 2019). On the other hand, girls suffered greater loss in educational outcomes due to parents’

concern for their safety and marriageability, as in the case of the Tajikistan armed conflict (Shemyakina, 2011).

In some instances, armed conflict may have a positive effect or no effect at all, particularly in the context of

a low level of conflict intensity (Valente, 2014; Justino et al., 2014; Pivovarova and Swee, 2015).

In other cases, disadvantaged and vulnerable demographic groups may suffer the most from civil conflict.

For example, Chamarbagwala and Morán (2011) show rural Mayan exposed to Guatemalan civil conflict during

their school-age complete few years of schooling. León (2012) shows that children exposed to the Peruvian

civil conflict during the preschool age are the most affected in terms of their educational attainment compared

to those exposed during their primary school age. In a similar vein, Bundervoet and Fransen (2018) provide

evidence of the persistent effect of violent conflict exposure in utero on educational attainment in the context

of the Rwandan genocide.

The literature has identified several channels through which armed conflict impacts educational outcomes.

Armed conflict may affect the provision of schooling through the destruction of infrastructure. For example,

Akbulut-Yuksel (2014) reports a loss of educational attainment through the destruction of schools due to
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intense bombing in Germany during World War II. Similarly, displacement induced by conflict may affect

children’s educational outcomes and disrupt schooling supply (Justino, 2016). A change in distributional

effects, such as socioeconomic inequality, may affect the provision of education, leading to inequality in

education access in conflict-affected zones. On the demand side, armed conflict may result in household

asset losses. Under this circumstance, households may face a higher trade-off between sending children to

school and participating in the labor market (Rodríguez and Sánchez, 2012). Furthermore, adverse health

shocks induced by armed conflict may affect the demand for schooling. For example, Alderman et al. (2006b)

documents that children who suffered from malnutrition due to Zimbabwean civil conflict completed a few

years of schooling. Armed conflict may result in significant trauma and fear, which may result in lower school

enrollment. For example, Brück et al. (2019) show that Israel-Palestinian conflict reduces schooling outcomes

through adverse psychosocial well-being.

Several of the existing studies attempt to identify the causal effect of conflict using variation across birth

cohorts and conflict intensity in difference-in-differences (DiD) settings combined with fixed effects. For in-

stance, Shemyakina (2011) combines DiD with household fixed effects, Verwimp and Van Bavel (2014) use

province-level fixed effects, and Chamarbagwala and Morán (2011) consider department and year of birth fixed

effects. Bertoni et al. (2019) specify two different models: a DiD to study the number of years of education

and a fixed effects panel data model for school enrollment, accounting for individual unobserved heterogene-

ity. Similarly, some studies benefit from panel data availability, such as Justino et al. (2014), Valente (2015),

and Pivovarova and Swee (2015). The study of Rodríguez and Sánchez (2012) combines IV techniques with

detailed conflict data, using violence incidence data as an instrument to address the endogeneity of conflict

exposure. Other studies, like León (2012), compare children within households exposed to conflict at different

ages, using birth cohort and household fixed effects to assess the impacts on educational outcomes.
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3.4 Empirical Approach

3.4.1 Data

The analysis combines data from two sources. The individual-level data comes from two waves of the Demo-

graphic and Health Survey (DHS) from the DR Congo, conducted in 2007 and 2014. These two waves consist

of different samples of individuals since they are observed at one point in time. The survey was implemented

by the Ministry of Planning and funded by the United States Agency for International Development (USAID).

The DHS is a nationally representative cross-sectional survey which provides information on health, ed-

ucation and other socioeconomic outcomes. The data contain information on the location where the survey

took place, with the Global Positioning System (GPS) coordinates, also referred to as clusters. However,

the geo-coordinates have been randomly displaced up to a 10 km radius to protect the anonymity of survey

respondents. The direction of displacement is randomly chosen, with the caveat that coordinates are not

displaced outside of the region. This displacement introduces a classical measurement error and thus has

the potential to bias our estimates downward. The survey was administered in 828 clusters.

The sample consists of reproductive age individuals: women (aged 15-49) and men (aged 15-59) at

the time of the survey. The outcome variables for the analysis are schooling outcomes at the time of the

survey. We consider the probability of completing primary and lower secondary schooling. Primary schooling

completion is defined as a dummy variable taking the value 1 if the individuals have completed at least 6 years

of schooling. Lower secondary completion is defined as a dummy variable if the individuals have completed at

least 8 years of schooling. We also have information about the years of birth of the individuals in the sample.

Women in the sample are born between 1957 and 1999, and men are born between 1947 and 1999. We

use this information to identify exposure to conflict at their time of school-going age, whether primary or lower

secondary schooling at the time when the conflict started, in 1996.

The caveat is that the DHS does not provide information on migration history. We do not know whether

an individual moved from a high conflict place to a safer area, which could affect the estimated results.
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Fortunately, the DHS 2007 contains information on the number of years that individuals have been living in

the residence. We take advantage of this information for the robustness analysis.

The second data source comes from the Armed Conflict Location Event Dataset (ACLED). ACLED provides

information on the location and timing of conflict events at a disaggregated level, with point coordinates.

ACLED draws its sources from local and international news as well as reports from humanitarian agencies.

We focus on the period 1997-2014, encompassing the Congo war (1997-2004) and the ongoing conflict in

the eastern part of the country (2004-2014). The dataset includes a broader aspect of conflict, including the

actors involved. Conflict events combine violent and non-violent conflicts. Violent conflicts refer to battles,

violence against civilians and remote violent events. Non-violent conflicts encompass protests and riots.

The main information on conflict intensity comes from the number of conflict events. The dataset contains

8257 total conflict events between 1997 and 2014. ACLED data is not without limitations. First, it suffers

from under-reporting bias (Van der Windt and Humphreys, 2016). Second, the precision of the geolocation of

conflict events has been questioned12 (Eck, 2012; De la Sierra, 2020). We use an alternative conflict dataset,

the Upssala Conflict Data Program Georeferenced Data (UCDP GED)13 for robustness checks. This dataset

contains a more precise localization of conflict events since 1989. Unlike ACLED, the UCDP GED has less

information on conflict events. This is because UCDP GED defines an armed conflict event as the use of

armed forces between two parties, of which at least one is the government of a state, resulting in at least 25

battle-related deaths in a calendar year (Sundberg and Melander, 2013).

3.4.2 The exposure to conflict intensity index

One of the key challenges in the study of conflict impact is being able to identify the conflict at a finer ge-

ographical level. Most studies rely on examining the intensity of conflict at a very high administrative level,

such as the district level (Justino, 2012; León, 2012; Swee, 2015; Bundervoet and Fransen, 2018). The limi-

12We found about 58 locations wrongly assigned to conflict events. We assign the wrong location to the territory level and
drop the remaining wrong location for which we do not have information in the dataset’s notes or source sections of the dataset.

13UCDP-GED is developed by the Department of Peace and Conflict Research at the Uppsala University, and we use version
23.
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tation of such an approach may be a less precise way of capturing individual exposure to conflict, especially

when households reside in larger districts. A more accurate way of measuring conflict intensity would imply

connecting the conflict zone to household information, such as in the case of Bertoni et al. (2019).

In this study, we construct a measure of conflict exposure, closely related to Maystadt and Verwimp (2014).

The measure of conflict exposure intensity is defined as the inverse weighted distance from the DHS cluster

to the conflict zones, accounting for the number of conflict events during the wartime period, that is, between

1997 and 2014. The idea behind such an approach is that DHS clusters closer to conflict zones are more

likely to be affected by the conflict than those farther away. This approach is also related to that of Akresh

et al. (2022), but it allows for spatial variation in the intensity of conflict while accounting for indirect effects

on individuals living far away from the conflict zone since it assigns less weight to them.

The exposure to conflict intensity is defined as follows:

conflict exposurec =
∑

j

1

distcj
∗ number conflictc (3.1)

where distcj is a geodesic distance between conflict location c and the DHS cluster j; number conflictc is

the number of total conflicts in a given location. For the robustness checks, we separate the number of total

conflicts into violent and non-violent conflicts. Furthermore, we use the number of deaths from the UCDP

GED to capture conflict exposure.

3.4.3 Empirical strategies

We follow the standard approach in the literature by exploiting variation in conflict exposure across birth cohorts

and DHS clusters (Chamarbagwala and Morán, 2011; Swee, 2015; Bertoni et al., 2019)14. Our approach is

similar to a continuous DID akin to Duflo (2001), comparing the outcomes of younger cohorts (treated group)

14We consider school-age individuals at the start of the conflict as the affected cohort in line with those studies (Chamarbag-
wala and Morán, 2011; Swee, 2015; Bertoni et al., 2019). For robustness checks, We consider the age group 0-5 as an additional
affected cohort for the primary schooling. The individuals aged 0-5 and 6-11 age group 6-11 are additional affected cohorts for
lower secondary schooling.
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whose schooling is more likely to be affected by conflict than the older cohorts (control group) for a given

schooling level. We divide the individuals into affected and unaffected cohorts based on their school-going

age at the onset of conflict, in 1996. This option follows from the fact we do not observe the same individuals

in two moments of time. Instead, we have two different waves, each with a different sample of individuals.

The affected cohorts are those between the ages of 6 and 13 at the beginning of the conflict in 1996,

since their schooling may be directly affected by the conflict. Specifically, these are the affected cohorts for

primary schooling completion. Individuals in this affected group are born between 1985 and 1990. For lower

secondary schooling completion, the affected group includes individuals between the ages of 12 and 13 at

the onset of the conflict. Individuals in this affected group are born between 1983 and 1984. Finally, the

unaffected cohorts are individuals between the ages of 12 and 24 at the onset of the conflict for primary

schooling. For lower secondary schooling, the unaffected cohorts are individuals between the ages of 14 and

24 at the beginning of the conflict. Individuals in this cohort group are assumed to have completed either

primary or lower secondary schooling at the onset of the conflict. We use an additional cohort, those above

the age of 24, at the beginning of the conflict, for the placebo analysis.

To examine the relationship between exposure to armed conflict during childhood and schooling outcomes,

we estimate probit models on the probabilities of completing primary and lower secondary education.15 Con-

sider that the propensity of a given individual to complete primary/lower secondary education is given by

Y ∗
itcd = Wβ = β0 + β1(conflict exposurec ∗ πt) +Xβk + ϵictd (3.2)

Yitcd =

1 if Y ∗
itcd > 0

0 if Y ∗
itcd ≤ 0

where Y ∗
itcd is the (latent) propensity for completing primary or lower secondary schooling of an individual

i, born in the year t, residing in a cluster c and in a province d. Yitcd is a binary variable equal to 1 if the

individual completed primary/lower secondary education. The main explanatory variable is the interaction

15We also estimate Linear Probability models as robustness checks. The results are similar to those of the baseline esti-
mates.
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term (conflict exposurec ∗πt), where πt is a binary indicator for the affected cohort. X includes several

controls such as the DHS year of survey dummy, a set of dummies for the province, a set of dummies for

the birth cohorts, and individuals’ characteristics, such as household’s wealth, whether the household lives

in urban areas and gender. The wealth index is an asset-based index that captures the socioeconomic char-

acteristics of the household. The birth cohort dummies account for common characteristics of all individuals

born in a given year. Province dummies account for all (un)observable time-invariant characteristics across

regions. The DHS years of survey dummy accounts for macroeconomic shocks. W stands for the matrix with

all variables, the interaction as the main variable and the controls. βk is the vector of the control variables’

coefficients with k = 2, ..., K , whereas β includes the full set of parameters to be estimated. ϵictd is the

error term.

The implicit identifying assumption is that differences in schooling attainment between the affected and

unaffected cohorts in a cluster experiencing low conflict intensity is a valid counterfactual for what would

have happened to school attainment between the cohorts in high-conflict clusters in the absence of conflict,

conditional on the control variables and unobserved factors, such as province and time fixed effects. Then,

the probability of completing primary or lower secondary education is given by :

P (Yitcd = 1 | W ) = P (Y ∗
itcd > 0 | W ) = P (Wβ + ϵictd > 0) = Φ(Wβ) (3.3)

where ϵictd is assumed to be normally distributed. The model is estimated based on the maximum likelihood

method. Furthermore, observations are assumed to be independent, and all relevant explanatory variables

are included, implying that the model is correctly specified.

Note that the estimated coefficients are not directly interpretable since they are parameters of the latent

model. To provide a more intuitive interpretation, we computed the average marginal effects to capture how a

one-unit change in the independent continuous variables affects the probability of primary/lower secondary

schooling completion. For dummy independent variables, the marginal effects are computed as the difference

in the estimated probabilities between the two categories.

Table 3.1 presents the descriptive statistics for the sample. More than half of the individuals in the
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sample have completed at least primary schooling (57%). Only a handful of individuals have completed lower

secondary education (42%). About 58% of individuals live in rural areas. About 28% of the individuals in the

sample are male, which may not be representative of the male population. It is likely that women may be

oversampled, given the focus of the survey on women. We apply sampling weights to mitigate this gender

imbalance.

Figure 3.1 shows the distribution of armed conflicts between 1997 and 2014 across localities. We can

observe a high number of conflict events in the eastern part of the country, particularly in the Kivu and Ituri

districts, which are also the regions with a higher conflict intensity. We can also note a sizable number of

conflicts in the western part of the country, where non-violent conflicts tend to predominate.

Table 3.1: Descriptive statistics

Mean SD
Primary schooling completion 0.574
Lower secondary completion 0.417
Conflict exposure 23.517 40.283
Violent conflict exposure 16.897 27.168
Non-violent conflict exposure 6.620 17.428
Conflict exposure (UCDP) 233572.6 500002.4
Conflict exposure 1996 (UCDP) 171.250 251.918
Wealth index 0.219 1.158
Urban 0.420
Male 0.284
N 22551

Conflict exposure includes non-violent and violent conflicts. Violent
conflict exposure refers to battles, violence against civilians and remote
Non-violent conflict exposure refers to protests and riots. Conflict exposure
1996 is the number of deaths in 1996 from the UCDP. Conflict exposure is
the number of deaths during the wartime from the UCDP.
Source: DHS, own computations.
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Figure 3.1: Distribution of conflicts across localities between 1997 and 2014

Source: ACLED, Own computations.
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3.5 Results

In this section, we present the empirical results for the relationship between childhood exposure to armed

conflicts and schooling outcomes.

3.5.1 Armed conflict during childhood and educational outcomes

Table 3.2 presents the estimated results for the relationship between childhood exposure to armed conflict

and schooling outcomes based on equation (3.1). Columns (1)-(2) capture the probability of completing

primary schooling, and the likelihood of lower secondary schooling completion is the outcome in the last two

columns. We consider individuals aged 6-11 at the beginning of the conflict in 1996 as the affected group

for the likelihood of primary school completion. Individuals aged 12-13 at the onset of the conflict are the

affected group for the probability of lower secondary school completion. The unaffected groups are individuals

between the ages of 12 and 24 and those aged 14-24 at the beginning of the conflict. For both outcomes, the

regression is estimated with(out) controlling for the province fixed effects and year of survey dummies.

The results indicate no statistically significant relationship between armed conflict during childhood and

schooling outcomes. The interaction between conflict exposure and the affected groups is not statistically

significant in relation to both primary and lower secondary school completion. While one might expect con-

flict exposure during childhood to reduce the probability of primary and lower secondary school completion,

evidence is mixed in the literature (Verwimp and Van Bavel, 2014). For instance, a recent study conducted in

the SSA shows that armed conflict may have no effect on educational attainment in the context of low-intense

conflict (Unfried and Kis-Katos, 2023). This highlights that the relationship between conflict and education is

highly context-specific (Justino, 2016). For example, evidence regarding the conflict-education nexus is mixed

in the literature and depends on different factors, including the institutional context of the country(Unfried and

Kis-Katos, 2023) Moreover, the lack of statistical significance in the relationship between conflict exposure

and schooling attainment may reflect community resilience, particularly in the context of prolonged armed

conflict. Utsumi (2022) provides evidence of community resilience in the face of conflict in the context of
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Afghanistan. This observation implies that some public services may be provided in the context of protracted

armed conflict, although below the optimal level (Verwimp et al., 2019). The size of the estimates is relatively

lower compared to previous studies closer to ours (Swee, 2015). For instance, Swee (2015) finds no evidence

of the effect of Bosnian conflict on primary schooling attainment, with an estimate of 0.3, which is higher

than the estimates we obtain in this study (See Table 3.2).

Furthermore, on average, an increase in household wealth is associated with a higher probability of

primary and lower secondary schooling completion. Likewise, males are more likely to complete primary

and lower secondary schooling, on average, compared to females. We can also observe, on average, that

areas with high conflict intensity are associated with a decreased probability of completing primary and lower

secondary schooling, but the conflict did not reinforce that. It may be that, on average, areas with more

conflict exposure are less likely to have higher schooling attainment because they are poor by themselves.

Overall, the estimated results suggest no statistically significant relationship between armed conflict ex-

posure during childhood and schooling outcomes. Moreover, the results are stable across specifications.

3.5.2 Heterogeneity analysis

3.5.2.1 Violent versus non-violent conflict exposure

In this section, we consider alternative measures for conflict exposure by differentiating between violent and

non-violent conflicts. The construction of conflict exposure is akin to equation (3.1), with the total number of

(non-)violent conflicts between 1997 and 2014 in each conflict location.

Results in Table B1 in Appendix B refer to the relationship between childhood exposure to violent conflict

and schooling outcomes. The model is estimated with(out) the province fixed effects and the year of the

survey dummies. The estimated coefficients are similar in terms of significance to those in the baseline

results. Table B2 (Appendix B) repeats the same exercise focusing on the relationship between non-violent

conflict exposure and schooling outcomes. The results are consistent with the baseline estimates regarding
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Table 3.2: Conflict exposure and Schooling outcomes: Probit marginal effects

Primary schooling Lower secondary

(1) (2) (3) (4)

Conflict exposure -0.033∗∗∗ -0.014 -0.026∗∗∗ -0.003
(0.008) (0.010) (0.009) (0.007)

Total conflict exposure*age 6-11 0.000 0.003
(0.006) (0.008)

Urban 0.130∗∗∗ 0.121∗∗∗ 0.108∗∗∗ 0.095∗∗∗

(0.023) (0.020) (0.027) (0.020)

Wealth index 0.171∗∗∗ 0.190∗∗∗ 0.161∗∗∗ 0.189∗∗∗

(0.011) (0.011) (0.010) (0.009)

Male 0.241∗∗∗ 0.243∗∗∗ 0.261∗∗∗ 0.264∗∗∗

(0.010) (0.010) (0.011) (0.011)

Conflict exposure*age 12-13 -0.005 -0.013
(0.012) (0.013)

Province FE Yes Yes
Birth cohort FE Yes Yes Yes Yes
DHS dummy Yes Yes
N 22551 22551 13793 13793

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Probit Estimates based on equation (3.2). Clustered
standard errors in parenthesis at the village level. Conflict exposure is the weighted average number
of conflicts using the inverse distance between DHS clusters and conflict zones as weights. The dependent
variables are the likelihood of completing primary and lower secondary schooling. The omitted groups are
those aged 12-24 at the beginning of the conflict in 1996 for primary schooling and individuals aged 14-24
for lower secondary schooling. Source: DHS, own computations.
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the likelihood of primary school completion.

However, the results show a negative relationship between non-violent conflict exposure and the likelihood

of completing lower secondary schooling. There may be several explanations for this finding. It may be that

areas with non-violent conflicts are more widespread than those with violent conflicts in terms of geographical

extent. Furthermore, areas with violent conflicts are more likely to receive aid than non-violent ones, which may

explain the lack of statistical significance between violent conflict exposure and schooling outcomes. Finally,

areas with more violent conflicts may induce higher mortality, and this may underestimate the relationship

between conflict exposure and schooling outcomes.

3.5.2.2 Sub-sample analysis

In this section, we estimate whether the relationship between armed conflict exposure and schooling attain-

ment differs by gender and residence location. Table B3 in Appendix B considers the relationship between

childhood exposure to armed conflict and educational outcomes using a separate regression by gender. The

results are indistinguishable from the baseline estimates, yielding a statistically insignificant relationship be-

tween conflict exposure during childhood and schooling outcomes for both regressions. This finding indicates

that the use of different samples has little impact on the baseline estimates.

Table B4 in Appendix B repeats the same exercise using a separate regression by the residence location.

Again, the results are similar to the baseline estimate in terms of significance.

3.5.3 Mechanisms: Migration selection

In a time of great conflict intensity, individuals may move to a relatively safer place. If such an effect exists, this

may affect the estimated results. For example, if the new location where the individuals have moved results in

a lower educational outcome, we may overestimate the relationship between armed conflict and educational

outcomes. However, if the individuals fleeing the conflict zone present characteristics likely to lead to higher
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educational attainment due to higher ability or socioeconomic status, our results may underestimate the

association between armed conflict and education. While we do not have information about the migration

history, the DHS 2007 contains information about the number of years that an individual has been living to

the residence up to the time of the survey. We use this information to construct a variable for migration status.

Migration status is defined as a binary variable, taking the value 1 if the individual has moved to a different

location during the wartime period since 1996, and 0 otherwise.

We test selective migration by estimating the relationship between exposure to armed conflict and the

probability of migrating following previous studies (Akbulut-Yuksel, 2014; Akresh et al., 2023). Table B5 in

Appendix B reveals a non-significant relationship between conflict exposure and the probability of migrating.

This finding mitigates the concern for selective migration. It is possible that a poor road network makes it

difficult to move far away from the conflict zones. Moreover, the country’s Internal Displacement Monitor

Center (IDMC) report indicates that a greater majority of internally displaced persons remain close to their

place of origin, making them prone to the same risk that caused them to flee in the first place (IDMC, 2022).

3.6 Robustness checks

3.6.1 Placebo analysis

In this section, we apply a placebo analysis. The placebo analysis aims to test the implicit identifying as-

sumption that in the absence of conflict exposure, schooling attainment between cohorts would have followed

a similar trend between high and low-conflict intense zones. by estimating the relationship between conflict

exposure and schooling outcomes for the older cohorts. The conflict needs not to affect these groups as they

were old enough to complete their basic schooling, namely secondary education. We consider individuals

above the age of 24 at the start of the conflict as an additional unaffected cohort. The unaffected cohorts

are individuals between the ages of 12 and 24, and those aged 14-24 at the onset of the conflict. Table B6

in Appendix B indicates that there is no statistically significant relationship between conflict exposure and
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schooling attainment for the placebo cohort, which validates the baseline estimates.

3.6.2 Alternative conflict dataset

In this section, we use the UCDP GED dataset as an alternative to ACLED. UCDP GED provides a more

accurate geo-localization of conflicts than the ACLED (Eck, 2012). On the other hand, ACLED contains more

comprehensive information on conflict events than UCDP GED. This difference stems from the definition of

armed conflict. UCDP considers an event as an armed conflict if it results in at least 25 battle-related deaths

in a calendar year. On the other hand, ACLED may have measurement errors due to the inaccurate location

of conflict events. We replicate the estimates using conflict exposure in a similar way to equation (3.1),

accounting for the number of deaths due to conflict.

Table B7 reports the estimation results for the relationship between conflict exposure during childhood

and schooling outcomes, focusing on the number of deaths in 1996. The choice of this year is motivated

by the fact that the conflict started in 1996. The results are similar to the baseline estimates in Table 3.2 in

terms of significance. However, areas with higher conflict exposure tend to have more schooling. This result

should be interpreted with caution since there may be some measurement errors in the conflict exposure

variable, and it does not account for the distribution of populations in a given area. Table B8 (Appendix B)

shows the estimation results for the relationship between armed conflict and schooling outcomes, considering

the number of deaths during wartime. Again, the results are indistinguishable from the baseline estimates in

terms of significance.

3.6.3 Alternative specifications

In this section, we check whether the baseline results are sensitive to different specifications. We consider

an additional age group as an affected cohort, particularly individuals between the ages of 0 and 5 at the

onset of the conflict in 1996 for the likelihood of primary schooling completion. The individual in this age

group may be affected by the conflict at their later ages. Likewise, we consider individuals between the ages
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of 0 and 5, and those aged 6-11 as additional affected cohorts for the likelihood of lower secondary schooling

completion. The unaffected groups are individuals between the ages of 12 and 24, and those aged 14-24

at the beginning of the conflict in 1996. Table B9 (Appendix B) reports the relationship between conflict

exposure during childhood and the likelihood of completing primary schooling, using different cohort groups.

The findings are similar to the baseline estimate in terms of significance.

Figure B1 (Appendix B) presents the marginal effect of completing primary schooling for different cohort

groups exposed to conflict. The likelihood of completing primary schooling is increasing with higher conflict

exposure for individuals aged 0-5 at the onset of the conflict. Nonetheless, the results show no statisti-

cally significant relationship between childhood exposure to conflict and the probability of completing primary

schooling across cohort groups.

Table B10 (Appendix B) reports the relationship between conflict exposure during childhood and the likeli-

hood of completing lower secondary schooling, using different cohort groups. The findings show a statistically

significant positive relationship between conflict exposure and the likelihood of completing lower secondary

schooling for individuals aged 0-5 at the onset of conflict. This finding suggests that the preschool cohort

at the onset of the conflict may have escaped more intense conflict than the other school-aged groups. The

Congolese conflict was brutal during the late 1990s, particularly at the onset of the conflict. However, this

result should be interpreted with caution since it does not account for the heterogeneity in conflict exposure

over time. Nevertheless, Figure B2 show no statistically significant relationship between exposure to conflict

and the probability of completing lower secondary schooling at different intensities of conflicts across cohort

groups exposed to conflict.

We also use the linear probability model to estimate the relationship between exposure to armed conflict

and schooling outcomes as additional robustness checks. Table B11 (Appendix B) shows a qualitatively similar

result to that of the baseline estimates. The results show no statistically significant association between armed

conflict exposure and the likelihood of primary and lower secondary schooling completion.
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3.7 Conclusions

This chapter investigates the association between exposure to armed conflict during childhood and schooling

outcomes in the context of Congolese armed conflicts. The study exploits variation in conflict exposure across

DHS clusters and birth cohorts, combining the DHS and ACLED data.

This study contributes to the existing literature by using a conflict exposure measure at a more accurate

level. To capture conflict exposure, we use the weighted average of the number of conflicts taking the inverse

distance between household clusters and conflict locations as weights. Such a measure accounts not only for

households living close to conflict zones but also for those living far away, as they may be indirectly affected

through spillover effects (Alfano and Cornelissen, 2021). Our key findings show no statistically significant

relationship between exposure to armed conflict during childhood and schooling outcomes. These findings

suggest that a community may build resilience to conflict, particularly in the context of prolonged armed

conflict. Utsumi (2022) shows no impact of conflict exposure on educational outcomes in Afghanistan due to

community resilience. It may be the case that communities exposed to conflict see education as a means of

restoring normalcy in the midst of chaos (Buckland et al., 2005). Furthermore, the community may also play

a crucial role in preserving the safety of schools in the context of conflict (Justino, 2016).

Additionally, the finding indicates that the provision of public services may still continue, particularly in

the context of prolonged armed conflict, albeit below the optimal level (Verwimp et al., 2019). In the context

of Congolese armed conflict, qualitative studies indicate that the education sector is resilient even in the

context of crises and state failure (Trefon, 2009; Titeca and De Herdt, 2011). This may be explained by

household involvement in the education sector through financial contributions, allowing the education sector

to survive despite the crises (De Herdt and Titeca, 2016). The resilience of the education sector could also

reflect the perceived return to education related to the alternative labor market, particularly the formal sector

(World Bank, 2005). The finding also highlights that the relationship between armed conflict exposure and

educational outcomes is strongly context-specific (Verwimp and Van Bavel, 2014). For instance, Unfried and

Kis-Katos (2023) show that conflict exposure has no impact on education, particularly when its intensity is
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lower.

Our analysis calls for further research. While community resilience may mute the negative relationship

between conflict exposure and schooling attainment, its effects on the quality of schooling may be different.

Further research should investigate the links between armed conflict exposure and the quality of schooling,

such as learning outcomes in the context of protracted armed conflict. Moreover, future research should

explore specific mechanisms connecting conflict exposure and schooling outcomes, particularly in the context

of community resilience.

The study is not without limitations. Data quality issues through a potential measurement error in self-

reported measures may affect the estimated results, leading either to a downward or upward bias. Selective

mortality could underestimate the relationship between armed conflict exposure and schooling attainment, as

the sample consists of survival individuals. Moreover, the cross-sectional data restricts us from capturing the

heterogeneity of conflict intensity over time. Future research may use longitudinal data and account for the

heterogeneity of conflict intensity in the analysis. Limitations in the data make it challenging to address such

caveats. Still, this study shed some light on the legacy of conflict, focusing on protracted armed conflicts.

58



Chapter 4

Prenatal exposure to drought and child

health outcomes in Zambia

4.1 Introduction

Drought remains a disaster type that affects more people than any other, particularly in low-income settings

(CRED et al., 2023). Over the last century, the world has recorded 771 drought episodes, with nearly 44% of

incidences in the African continent (EM-DAT, 2023). Drought is likely to increase in frequency in the coming

decades, as a result of climate change (IPCC, 2023). Low-income countries are susceptible to drought due

to a greater dependence on rain-fed agriculture for their livelihoods. Furthermore, households in low-income

countries have lower adaptive capacity to weather shocks, owing to poor infrastructures and limited access to

social safety nets (Deschenes, 2014; Meierrieks, 2021). In such a setting, drought can reduce food availability

through crop failure and local price increases. Pregnant women and young children are particularly vulnerable

to food insecurity. Poor nutritional intake in utero may affect the offspring growth and overall development

(Barker, 1990; Almond and Currie, 2011b; Beshir and Maystadt, 2020).

This chapter examines the effect of prenatal exposure to drought on child health outcomes in Zambia.
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Zambia is an interesting setting for several reasons. It is an area prone to frequent drought and is expected

to increase in the next decades. Historically, the country has recorded a series of drought episodes with

increased severity and frequency in recent years. The years 1991/92, 2015/16 and 2018/19 witnessed a

severe dry spell that affected millions of people and resulted in widespread crop failure and food insecurity

in major parts of the country (World Food Programme, 2023). Moreover, the country has one of the highest

rates of child malnutrition in the African continent. About 34% of children under the age of five suffer from

stunting (World Bank, 2024). The focus on the fetal period resonates with the ”early origin literature”, which

shows that the adverse effects of the in-utero shocks can persist over the lifecycle (Barker, 1990, 1995).

Likewise, poor health in early childhood leads to adverse socioeconomic outcomes later in life (Currie and

Almond, 2011).

The empirical strategy exploits variations in drought episodes over time within villages. We link informa-

tion from birth histories from the Zambian Demographic and Health Survey (DHS) with weather information

from the global Standardized Precipitation Evapotranspiration Index (SPEI) data. We combine this information

to capture the prevailing drought conditions during pregnancy. The empirical approach then compares the

health outcomes of children who were prenatally exposed to intense drought episodes with those who expe-

rienced less intense drought conditions in utero. The finer geographical nature of the dataset allows for the

inclusion of village-by-month fixed effects and district-specific time trends. They absorb unobserved sources of

heterogeneity. For instance, village-by-month fixed effects account for seasonality that may confound the esti-

mates due to a possible correlation of seasonality with birth outcomes (Buckles and Hungerman, 2013). We

also explore some potential channels and other mediating factors that may explain the relationship between

drought and child health, namely agricultural yields and parental investment responses.

Our analysis makes two primary contributions to the literature that relates weather shocks to health out-

comes. First, we use the SPEI as a measure of drought conditions, consistent with recent climate literature16

(Dai et al., 2018; Spinoni et al., 2019; Song et al., 2020). SPEI combines different aspects of drought, in-

cluding precipitation and evapotranspiration17 in a unified way (Vicente-Serrano et al., 2010). In this regard,

16These studies show that drought results primarily in increased actual evapotranspiration, particularly in subtropical and
semi-arid region of Sub-Saharan Africa.

17Evapotranspiration refers to the amount of available water transferred to the atmosphere from soil surface and plants.
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our work differs from previous literature18 that typically relies on precipitation alone (Maccini and Yang, 2009;

Rocha and Soares, 2015; Dinkelman, 2017; Carrillo, 2020; Le and Nguyen, 2021). This is relevant since

drought reflects not only a deficit in rainfall, but also in the amount of available soil water for crop yields.

Second, our study contributes to recent discussions on the growing importance of adaptation mechanisms

to climate change (Fankhauser, 2017). Indeed, adaptation is now a hot topic at the forefront of public policies.

And yet, evidence remains scarce (Deschenes, 2014). We identify the role of prenatal care by a qualified

healthcare professional as a possible mitigating factor to extreme weather events in low-income settings.

Although we do not exploit a quasi-experimental design in prenatal care use, this study complements the

growing literature that points to access to healthcare services as an adaptation mechanism against the adverse

effect of climate change and other environmental conditions on health outcomes (Barreca et al., 2016; Mullins

and White, 2020; Banerjee and Maharaj, 2020; Cohen and Dechezleprêtre, 2022; Sarmiento, 2023).

Our key finding suggests that children exposed to drought while in utero have short stature for their age

and poor physical development. Specifically, an additional month of drought during pregnancy reduces child

height-for-age and physical growth by 0.07 standard deviation (SD) and 0.04 SD, respectively. However, the

effect of prenatal exposure to drought on child weight outcomes is less robust. Weight captures short-term

nutritional status and may be more related to shocks in recent events. In a supplementary analysis, we

observe the negative effect of drought among younger children born two years before the survey. This finding

is consistent with the fact that height is more latent to in utero shocks than weight (Le and Nguyen, 2021;

Bratti et al., 2021). Furthermore, we find that a drought episode during pregnancy results in greater parental

investments. This finding highlights suggestive evidence of parental compensatory investments, consistent

with the evidence that parents react to health shocks during childhood (Almond and Mazumder, 2013).

The negative effects of prenatal drought are larger during the first and last trimesters of pregnancy. This

finding is consistent with medical evidence showing that the first and third trimesters are particularly sensitive

to fetal growth (Harding and Bocking, 2001; Altshuler et al., 2003). Additionally, our heterogeneity analysis

indicates a similar effect of prenatal drought exposure across child gender and residence of location. We

18While Dimitrova (2021) use SPEI to examine the contemporaneous effect of drought on child health in Ethiopia, our study
looks at the prenatal exposure to drought and provide specific channels connecting drought and child health outcomes
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identify lower crop yields as a key channel connecting prenatal drought exposure and child health outcomes.

We find that exposure to drought during the growing season reduces the major crop yields. We further

show that prenatal care use by a qualified healthcare professional could help mitigate the negative effects of

drought during pregnancy on child health outcomes. The finding underscores the importance of investment

in adaptation as a potential smoothing factor to adverse weather shocks, particularly in low-income countries.

The remainder of the chapter is organized as follows. Section 4.2 provides related literature on extreme

weather impacts on child health. Section 4.3 presents the data used in the study. Section 4.4 outlines

the empirical methods. Section 4.5 presents the results. Section 4.6 includes the robustness checks and

heterogeneity analysis. Finally, Section 4.7 concludes the study.

4.2 Literature Review: Weather shocks and health outcomes

The study builds on the economic and epidemiological literature on the link between prenatal conditions and

health outcomes, also known as the fetal origin hypothesis (Barker, 1990, 1995; Bloomfield et al., 2006;

Almond and Currie, 2011b). These studies suggest that prenatal shocks of different kinds, including violence

(Currie et al., 2022; Mansour and Rees, 2012), famine (Neelsen and Stratmann, 2011), disease (Almond,

2006; Barreca, 2010; Schwandt, 2017), natural disasters (Currie and Rossin-Slater, 2013; Torche, 2018;

De Oliveira et al., 2023), and economic crises (Bozzoli and Quintana-Domeque, 2014; Bharadwaj et al.,

2019) have detrimental effects on offspring outcomes.

While prior studies typically focus on the effect of more severe shocks, recent growing literature is now

turning attention to more recurrent shocks, such as weather fluctuations. Existing studies use various iden-

tification approaches, with several of them considering time-space weather variations. Andalón et al. (2016)

use variation exposure to temperature shock by municipality and by year and month of conception in a fixed

effects model, whereas the inter-annual variation in the temperature within a given municipality and month of

the year, considering that these variations are largely unpredictable, is the basis for Molina and Saldarriaga

(2017) empirical strategy. Le and Nguyen (2021) utilize the exogenous variation in deviations from long-term
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local rainfall averages to estimate the impact of rainfall variability experienced during the prenatal period on

health outcomes for children under five. By exploiting exogenous variation in weather over time within a given

spatial area, these studies identify the causal effect of climate shocks on several outcomes, including health.

Within this strand of literature, studies document an adverse effect of exposure to heat during pregnancy

on birth weight (Deschênes et al., 2009; Grace et al., 2015; Andalón et al., 2016; Molina and Saldarriaga,

2017; Chen et al., 2020), gestational length (Dadvand et al., 2011; Auger et al., 2014; Barreca and Schaller,

2020), probability of stillbirth (Ha et al., 2017), infant mortality (Geruso and Spears, 2018; Banerjee and

Maharaj, 2020) and children health outcomes (Bratti et al., 2021).

Similar evidence emerges from studies focusing on drought exposure during pregnancy. Along this re-

search line, evidence points out that drought exposure during pregnancy has a negative effect both on birth

(Persson et al., 2012; Abiona and Ajefu, 2023) and children health outcomes (Kumar et al., 2016; Le and

Nguyen, 2021). However, evidence is mixed regarding excess rainfall. Some studies reveal the beneficial ef-

fect of excess rainfall (Maccini and Yang, 2009; Rocha and Soares, 2015) while others report a negative effect

on health outcomes (Persson et al., 2012). These contrasting findings emerge from different mechanisms at

play. For instance, Maccini and Yang (2009) show a positive effect of higher rainfall on health, education and

socioeconomic outcomes of rural Indonesian women via better agricultural production. On the other hand,

Persson et al. (2012) reveal a negative effect of higher rainfall on infant mortality in Africa, due to a higher

incidence of exposure to infectious diseases.

Exposure to drought during pregnancy may affect offspring outcomes through two potential channels,

namely the biological and nutritional channels. Regarding the biological channel, drought may exert substan-

tial psychological distress among pregnant women, which can affect fetal development (Ha, 2022). A study by

Aizer et al. (2016) indicates that stress through high levels of cortisol during pregnancy has an adverse effect

on offspring cognition and health outcomes. Additionally, drought may result in increased disease exposure,

such as diarrhoea through reduced safe drinking water availability (Bandyopadhyay et al., 2012; Rocha and

Soares, 2015; Epstein et al., 2020). Evidence shows that disease exposure during pregnancy may have a

detrimental effect on offspring health outcomes (Barreca, 2010). On the nutritional channel, drought may

result in crop failure and food shortage, especially in low-income settings dependent on rain-fed agriculture
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(Akpalu et al., 2009; Lobell et al., 2011; Vogel et al., 2019). Maternal undernutrition during pregnancy may

result in intrauterine growth restrictions and poor offspring outcomes (Almond and Mazumder, 2013; Miller,

2017).

4.3 Data

This study combines different data sources: the individual level data from the Demographic Health Sur-

vey (DHS) and weather data from the global gridded Standard Precipitation Evapotranspiration Index (SPEI)

database. We also use the crop yield data from the Central Statistical Office of Zambia for our mechanisms

analysis.

4.3.1 Demographic and Health Survey

Our individual-level data comes from three waves of the Zambian DHS, conducted in 2007, 2013 and 2018,

respectively. The DHS is a nationally representative cross-sectional survey, which is funded by the United

States Agency for International Development (USAID). The DHS provides information on health, education

and other socioeconomic outcomes. The DHS follows a two-stage stratified sampling design. In the first

stage, enumeration areas are randomly selected from the population census, stratified by regions and urban

and rural areas. Then, households are selected randomly for the interview within the selected enumeration

areas.

The survey contains retrospective information on birth history from women aged 15 to 49 at the time of

the survey. This birth history encompasses the month and year of birth of each child in the past five years

before the survey. Children are aged 0 to 59 months at the time of the survey. The sample consists of 14128

children born between 2002 and 2018. For the main outcome variables, we use the 2006 WHO growth

standards for anthropometric measures (De Onis and Onyango, 2008). We consider two indicators: the

height-for-age z-score (HAZ) and the weight-for-height z-score (WHZ). These anthropometric measures capture
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different dimensions of a child nutritional status. The HAZ captures children’s long-term nutritional status

while the WHZ capture the short-term nutritional status of children. From the sample, we excluded children

whose anthropometric measures are implausible from a biological perspective (Mei and Grummer-Strawn,

2007). We also aggregate the two measures to compute the physical growth as the average between HAZ

and WHZ in the spirit of Armand and Kim Taveras (2021).

The DHS includes also information on the location where the survey took place, with geographical co-

ordinates, referred to as clusters. Clusters refer to villages (cities) in rural (urban) areas. To preserve the

anonymity of respondents, DHS randomly displaces the coordinates of the clusters up to 2 km in urban areas

and up to 5 km in rural areas, with a further 1% of rural clusters displaced up to 10 km. The direction of

displacement is randomly chosen, with the caveat that coordinates are not displaced outside of the region.

This displacement introduces a classical measurement error and thus has the potential to bias our estimates

downward.

Another caveat is the lack of migration history in the dataset. Nevertheless, DHS contains information on

the number of years the household has been living in the same place up to the time of the survey. We use

this information to restrict the sample to women who spent the gestational period in the same residence up

to the time of the survey (Grace et al., 2015; Davenport et al., 2020; Bratti et al., 2021). Table 4.1 reports

the descriptive statistics of key variables of the study. On average, a child’s HAZ and physical growth are

1.5 and 0.7 SD shorter, respectively. The negative HAZ reflects the prevalence of child malnutrition in the

country. Regarding maternal characteristics, the average age of mothers at birth in the sample is 27 years.

Also, mothers have, on average 5 years, which corresponds to incomplete primary education. Figure C1 in

Appendix C shows the location of DHS clusters in each three waves of the survey.

4.3.2 Weather data: Standard Precipitation Evapotranspiration Index

Our weather data comes from the global gridded SPEI database19, developed by Vicente-Serrano et al. (2010).

The SPEI dataset is based on the monthly precipitation and potential evapotranspiration from the Climatic

19Available at: http://spei.csic.es/database.html
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Research Unit of East Anglia (CRU) at 0.5 x 0.5 degree spatial resolution. The methodology behind the

construction of the SPEI is described in detail by Vicente-Serrano et al. (2010), Vicente-Serrano et al. (2012)

and Beguería et al. (2014).

The SPEI corresponds to the difference between precipitation and evapotranspiration. This difference is

referred to as the climatic water balance. The main advantage of SPEI is that it captures other factors than

precipitation, such as temperature, wind speed, and soil moisture which may play an important role in drought

conditions. The index can be computed at different time scales, ranging from 1 to 48-month scales. In this

study, we use the 3-month scale, which accounts for the effect of seasonal climatic conditions in Zambia.

The country experiences a subtropical climate with three distinct seasons: a hot and dry season (mid-August

to mid November), a wet rainy season (mid-November to April) and a cool dry season (May to mid-August).

Additionally, This scale is commonly used to capture the agricultural drought, which takes longer to develop

than the meteorological drought (Vicente-Serrano et al., 2010; Homdee et al., 2016).

The index is standardized to have a mean of 0 and 1 standard deviation within each grid cell over the

entire historical period (1900 to 2021). Negative values represent conditions more likely to lead to drought

relative to the historical average. For each year and month in a given cluster, we define drought as a binary

variable, taking the value of 1 if the SPEI is less than -1 SD (McKee et al., 1993). Then, we count the

number of droughts during the nine months preceding the childbirth. Figure 4.1 maps the distribution of the

number of droughts in Zambia districts between 2001-2018. The figure reveals that drought is a recurrent

phenomenon in Zambia, with a greater majority of districts experiencing drought. However, drought incidences

vary substantially across districts. Figure 4.2 displays the percentage of DHS clusters with monthly drought

episodes (SPEI< −1 SD) between 2000 and 2018. The figure shows that monthly drought episodes vary

substantially across Zambia clusters. For instance, episodes of drought occur, on average in about 60% of

the clusters within a given month. And yet, there are months with no drought episode in a given cluster. This

pattern indicates that drought incidences in a given period are not homogeneous.
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4.3.3 Crop Yields data

The crop yield data comes from the Statistical Office (CSO) of Zambia. We use the Crop forecast survey,

which contains information on yearly crop yields during the agricultural seasons at the district level. This

data contains information on agricultural yields, production, and area cropped from 1996 to 2018. For this

study, we use the information on major crop yields, including maize, sorghum and beans in the years 2001

and 2018. The outcome variables are expressed in yields, which is defined as the crop production in tonnes

metric divided by the area cultivated in hectare (ha). We use this information to uncover the pathways linking

prenatal exposure to drought and child health outcomes.

Number of droughtt by district, 2007−2018
(53,62]
(47,53]
(34,47]
[16,34]

Figure 4.1: Number of droughts per district 2001-2018

Source: Global SPEI dataset, Own computations.
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Figure 4.2: Percentage of monthly droughts across DHS clusters

Source: DHS and global SPEI dataset, Own computations.
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4.4 Empirical Approach

To examine the effects of exposure to drought during pregnancy on child health outcomes, we follow the exist-

ing literature, which uses the following equation, exploiting variation in weather events over time within a given

spatial area (Bratti et al., 2021; Le and Nguyen, 2021). This approach effectively controls for observed and

time-invariant unobserved confounders, which adequately addresses potential sources of bias in estimating

the causal impact of weather shocks on health outcomes. As misspecification risks are low, this approach

allows for more simplicity and efficiency than other alternative models (e.g. Inverse Probability Weighted

Regression Adjustment). The model equation we estimate by the Ordinary Least Squares (OLS) is:

Hicdmy = α + βdroughticdmy + ψXicdmyϕ+ θcm+ ηdy + ϵicdmy (4.1)

where Hicdmy is an outcome indicator for child i, residing in cluster c of district d, born in month m and in

year y. We refer to cluster as village for shorthand. The outcomes considered in this study are children HAZ,

WHZ, and physical growth. droughticdmy counts the number of drought months preceding the nine months

before the child’s birth. To put it clearly, it captures the number of months with SPEI below -1 SD from the

long-run average. β is the coefficient of interest, which measures the effect of an additional month of drought

shocks during the gestational period. Xicdmy is a vector of controls for child and mother level characteristics,

such as child’s age, child birth order, whether the child is female, mother’s age at birth, mother’s years of

schooling, and whether the household resides in urban areas.

Our empirical strategy compares the health outcomes of children exposed to intense drought against

the outcomes of children who are exposed to less intense drought shock during their prenatal period. The

number of drought months during pregnancy reflect the intensity of drought, as more months suggest a

prolonged exposure to adverse drought conditions. Our identification strategy rests on the assumption that

the occurrence of drought shocks is a plausibly random event within a given village over time. Under this

assumption, exposure to drought during pregnancy is as good as random.

We also include a set of fixed effects to control for unobserved factors. Village-by-month of birth fixed
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effects (θcm) account for seasonal patterns that may vary across survey villages. For example, children born

in the rainy season may have different characteristics than children born during the dry season. Moreover,

Studies have shown that a season of birth may confound the relationship between weather shocks and health

outcomes (Strand et al., 2011; Buckles and Hungerman, 2013; Isen et al., 2017).

Second, district-specific linear time trend (ηdy) accounts for time-specific shocks such as economic crises

that may vary over time by districts and affect future health outcomes. ϵicdmy are the error term. The error

term is assumed to be identically and independently distributed (iid) across survey villages but correlated

within each village due to spatial correlation of drought incidences for households in the same area. We

therefore cluster standard errors at the village level.

Our empirical approach may face several challenges. First, a concern may arise if parents postpone

fertility given a particular season of the year or in anticipation of weather shocks, resulting in selective fertility.

We address this issue in the robustness checks by estimating the relation between drought exposure in utero

and the birth interval. Likewise, a bias may occur if mortality happens during pregnancy or after birth since

the sample consists of surviving children. In this case, our estimate would be biased toward zero. We address

this selection bias in the robustness check by estimating the effect of drought in utero on child mortality.

4.5 Results

4.5.1 The effect of drought in utero on child health

Table 4.2 provides the OLS estimates of Equation (4.1) for the effect of drought exposure during pregnancy

on child health outcomes. In the first two columns, the outcome variable is HAZ. WHZ and physical growth

are the outcome variables in columns (3)-(4) and (4)-(5), respectively. For each outcome, the regression

estimates include village-by-month fixed effects and district-specific linear time trend.

The results indicate a statistically significant reduction in child health from the exposure to drought during
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pregnancy. Regarding the interpretation of estimated coefficients, column 2 of Table 4.2 (Panel A) suggests

that one additional month of drought during pregnancy reduces a child’s physical growth by 0.04 SD. This

reduction of physical growth stems from the reduction in a child HAZ. For example, an additional month of

drought in utero reduces a child’s height by 0.07 SD. By contrast, we do not find a statistically significant

effect on a child weight-based outcomes.

These findings are consistent with existing literature that documents a robust negative effect of weather

shocks on a child long-term nutritional outcomes (Bratti et al., 2021). There are two plausible explanations

for the lack of significance on weight-related outcomes. First, weight-for height captures short-term nutritional

outcomes, and hence less sensitive to experience in utero. Second, parents may respond to exposure to

shocks in utero and the child initial poor endowment via compensatory investments.

Taken together, these results suggest that exposure to drought during pregnancy has primarily a negative

effect on a child long-term health outcomes. Furthermore, our findings underscores the prenatal period as

a critical period where adverse conditions can have long-lasting effects on health outcomes (Barker, 1990,

1995).

Panel B of Table 4.2 reports the results for the effect of drought exposure by trimesters of pregnancy. The

results indicate that the negative effect of drought occurs during the whole stage of pregnancy with regard to

HAZ and physical growth. For WHZ, the negative effect of drought shocks appears only in the first trimester

of pregnancy. For instance, Column (2) shows that an additional month of drought during the first trimester

of pregnancy reduces a child physical growth by 0.05 SD, driven by both a decrease in a child HAZ and WHZ.

This finding corroborates medical evidence of the sensitive period of prenatal development (Glynn et al., 2001;

Lee et al., 2003; Mulder et al., 2002). On the one hand, the early stage of pregnancy is critical for the embryo

development where major organ formation takes place (Altshuler et al., 2003). On the other hand, the later

stage of pregnancy is sensitive to fetal development since the fetus experiences a rapid growth during this

phase (Harding and Bocking, 2001).
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Table 4.2: The effect of drought in utero on child health outcomes: OLS estimation results

HAZ WHZ Physical growth

(1) (2) (3) (4) (5) (6)

PANEL A Main Results
Months drought utero -0.058∗∗∗ -0.065∗∗∗ -0.007 -0.008 -0.031∗∗∗ -0.036∗∗∗

(0.010) (0.010) (0.008) (0.008) (0.005) (0.005)
Controls Yes Yes Yes Yes Yes Yes
Village x Month birth FE Yes Yes Yes Yes Yes Yes
District-specific time trend Yes Yes Yes
R2 0.370 0.380 0.336 0.345 0.368 0.378

PANEL B Trimester analysis
Months drought utero (1st trim) -0.092∗∗∗ -0.100∗∗∗ -0.024 -0.028∗ -0.055∗∗∗ -0.062∗∗∗

(0.021) (0.021) (0.016) (0.016) (0.011) (0.011)

Months drought utero (2nd trim) -0.090∗∗∗ -0.096∗∗∗ -0.016 -0.017 -0.052∗∗∗ -0.057∗∗∗

(0.019) (0.019) (0.017) (0.017) (0.011) (0.011)
Months drought utero (3rd trim) -0.096∗∗∗ -0.103∗∗∗ 0.008 0.008 -0.042∗∗∗ -0.046∗∗∗

(0.021) (0.021) (0.017) (0.017) (0.011) (0.011)

Controls Yes Yes Yes Yes Yes Yes
Village x Month birth FE Yes Yes Yes Yes Yes Yes
District-specific time trend Yes Yes Yes
R2 0.369 0.378 0.336 0.345 0.367 0.377
N 14106 14039 14090 14024 14128 14061

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors clustered at the
village level in parenthesis. The dependent variables are child HAZ, WHZ and physical growth. Months drought utero is the
the number of months of drought in utero. Physical growth is the average of HAZ and WHZ. 1st trim is the first trimester of
pregnancy. 2nd trim is the second trimester of pregnancy. 3rd trim is the third trimester of pregnancy. The controls include
a dummy for child male, mother schooling, a dummy for urban, a dummy for the head of the household male, mother’s age
at birth, child age in months, birth order. Source: own computations.

73



4.5.2 Mechanisms

4.5.2.1 The role of agricultural yields

While there may be several mechanisms at play, limitations in data prevent us from uncovering all the possible

channels in more detail. As a result, this study focuses on crop yields as a key channel. Drought represents

a significant threat to crop yields especially in settings where agriculture is predominantly rain-fed. In this

context, lower crop yields may result in food shortage and thus reduced nutritional intake.

To examine the relationship between drought exposure and crop yields, we consider the following regres-

sion:

Cdy = α +ϖdroughtdy + λd + γy + ϵdy (4.2)

Where Cdy is the logarithm of yield of a particular crop (Maize, beans, sorghum) during the growing season

in a district d and in year y. λd are district fixed effects and γy are year fixed effects. droughtdy is the key

explanatory variable, measured as the number of droughts during the growing period in a district d and year

y. ϖ captures the effect of an additional month of drought during the growing period on the crop yields.

District fixed effects account for (unobserved) differences in crop yields at the district level, such as land

suitability or quality. Year fixed effects account for all year-specific changes in crop yields common across

district, such as availability of agricultural subsidy during a particular year. We do not need to control explicitly

for seasonality as the focus is on a specific cropping period, as mentioned earlier. ϵdy is the error term.

Standard errors are clustered at the district level.

Table 4.3 provides the regression estimates of months drought during growing season on major crop

yields using equation (4.2). The results show that one additional month of drought during the growing period

has a negative effect on crop yields. Column 1 indicates that an additional month of drought during the

growing season is associated with 7% loss in maize yield. Likewise, an additional month of drought during the

growing seasons reduces beans and sorghum yields by 6% loss, respectively (Columns (3) and (4)). These

findings are in line with previous literature showing a detrimental effect of drought on agricultural productivity
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in the context of Zambian (Ngoma et al., 2021; Matchaya et al., 2022). Moreover, our result suggests that

the adverse effect of exposure to drought on health outcomes operate via crop failure, which may lead to

malnutrition on a pregnant women and thereby, affecting child health outcomes.

Table 4.3: The effect of drought on crop yields: OLS estimation results

Maize yield Bean Yield Sorghum yield
(1) (2) (3)

Months drought in year -0.069∗∗∗ -0.056∗ -0.056∗∗

(0.014) (0.031) (0.027)
District FE Yes Yes Yes
Year FE Yes Yes Yes
N 1208 997 888
R2 0.738 0.293 0.343

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Zambian CSO. Robust standard errors
clustered at the district level in parenthesis. The dependent variables are maize, bean and
sorghum yields. Months drought in year is the number of droughts months episode during
the growing period. Source: own computations.

4.5.2.2 The role of parental investments responses

While section 4.5.2.1 focuses on crop yields as the pathway through which drought can affect child health

outcomes, it is possible that drought affect parental investment. These mediating factors may have an indirect

effect on child health outcomes. Several studies point out that parents responds to fetal shocks and children’s

initial endowment 20 either through compensatory or reinforcing investments (Almond and Mazumder, 2013;

Adhvaryu and Nyshadham, 2016).

On the one hand, drought exposure may result in income shocks, affecting parents ability to invest in

their children health outcomes, especially in the context of credit constraints. Under these circumstances,

parental investment would reinforce the initial effect of drought exposure during pregnancy. On the other hand,

income shocks resulting from drought shocks may reduce the opportunity cost of parental time investment.

20We also estimated the effect of prenatal drought on birth weight. The effect is negative but the estimates are less precise
due to measurement errors and smaller samples. The results are not reported here, and are available upon request.
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For instance, if parents anticipate a lower return to crop yields due to adverse weather conditions, they may

engage in more child care activities, such as breastfeeding (Miller and Urdinola, 2010). In this regard, parental

investment would result in compensating the initial negative effect of drought shocks on offspring outcomes.

To explore the mediating role of parental investment response, we estimate a version of equation (4.1) in

which we replace the outcome variable with prenatal and postnatal investments, namely, prenatal checks by

health professional, vaccination take-up and breastfeeding. Empirical evidence shows that prenatal care and

vaccination are important health inputs, especially in a setting with limited access to basic health services

(Okeke and Abubakar, 2020). Additionally, breastfeeding may represent an important input in the context of

a limited food supply.

Table 4.4 captures the impact of drought in utero on prenatal checks, vaccination take-up and breast-

feeding duration. We define vaccination take-up as the number of basic vaccination that a child needs to take

during the early ages. Breastfeeding duration corresponds to the number of months the children were breast-

fed by mother. Prenatal check is defined as a dummy variable whether for the mother receives prenatal care

from a certified health professional. The results show that drought exposure during pregnancy is associated

with increased parental investments (Panel A of Table 4.4). This finding provide a suggestive evidence of

parental compensatory investments in the context of Zambia 21.

Panel B of Table 4.4 provides the results of gender heterogeneity analysis for the relationship between

drought in utero and parental investment. Our finding shows no evidence of a heterogeneous effect in parental

investment. This finding suggest that parents do not discriminate against a child gender in terms of resource

allocation. The finding corroborate with empirical evidence, showing no evidence of gender preference in

parental resource allocation in Zambia (Rossi and Rouanet, 2015).

21Our results provide suggestive evidence of compensatory investment, as limitations in data prevent us to disentangle
whether parents respond specifically to prenatal drought shock that affects the child or to the observed child health after birth,
such as low birth weight.
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Table 4.4: The effect of drought in utero on parental investments: OLS estimation results

Prenatal check Vaccination take-up Breastfeeding
(1) (2) (3)

Panel A Main estimates
Months drought utero 0.003∗ 0.299∗∗∗ 0.579∗∗∗

(0.002) (0.021) (0.089)
Controls Yes Yes Yes
Village x Month birth FE Yes Yes Yes
District-specific time trend Yes Yes Yes
R2 0.442 0.391 0.527
Panel B Heterogeneity by gender
Child male x months drought utero 0.000 0.007 0.103

(0.003) (0.030) (0.135)
Controls Yes Yes Yes
Village x Month birth FE Yes Yes Yes
District-specific time trend Yes Yes Yes
R2 0.442 0.391 0.527
N 9599 15235 10849

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors clustered
at the village level in parenthesis. The dependent variables are prenatal check, vaccination take-up and breastfeeding
Prenatal check is a dummy of whether mothers receive prenatal care by a skilled health care professional. Vaccination
take-up is the number of essential vaccines taken by children during the early ages. Breastfeeding is the number of
months the child was breastfed by mothers. Month droughts utero is the number of months of drought in utero. The
controls include a dummy for child child male, mother schooling, a dummy for urban, a dummy for the head for the
the household male, mother’s age at birth, child age in months, birth order.
Source: own computations.
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4.5.2.3 The role of prenatal health care as mitigating factors

We further explore the role of prenatal care during pregnancy as a potential mitigating factor. We interact the

month of drought episodes during pregnancy with a dummy variable for whether a woman receives prenatal

care by a qualified healthcare professional. Table 4.5 provides the result after accounting for prenatal checks

by a qualified healthcare professional. The results indicate that prenatal care use by a qualified healthcare

professional may offset the adverse effect of drought shocks during pregnancy on a child health outcomes.

While prenatal care use may not be exogenous as it may result from parental responses (see Table

4.4), our finding highlights suggestive evidence on the importance of healthcare access during pregnancy,

particularly in a resource-constrained country. Furthermore, our finding complements recent studies that

document access to prenatal care as effective in mitigating the negative effects of weather shocks (Banerjee

and Maharaj, 2020; Cohen and Dechezleprêtre, 2022). It may be the case that women receive necessary

treatment during prenatal care for drought induced physiological stress coupled with important information

on preventing behavior that might attenuate the detrimental effect of drought on the yet unborn children.
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Table 4.5: The effect of drought in utero on child health outcomes- Mitigation factors

HAZ WAZ Physical growth
(1) (2) (3)

Months drought utero -0.148∗∗∗ -0.021 -0.083∗∗∗

(0.042) (0.031) (0.023)

Prenatal check 0.070 -0.038 0.017
(0.115) (0.090) (0.060)

Prenatal check x months drought utero 0.076∗ 0.006 0.040∗

(0.042) (0.031) (0.024)
Controls Yes Yes Yes
Village x Month birth FE Yes Yes Yes
District-specific time trend Yes Yes Yes
N 8776 8761 8794
R2 0.425 0.385 0.429

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors clustered
at the village level in parenthesis. The dependent variables are child HAZ, WHZ and physical growth. Months drought
utero is the number of months of drought in utero. Physical growth is the average of HAZ and WHZ. Prenatal check is
a dummy whether mother receives prenatal for a skilled health professional, 0 otherwise. The controls include a
dummy for child male, mother schooling, a dummy for urban, a dummy for the head of household male, mother’s age
at birth, child age in months, birth order. Source: own computations.
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4.6 Robustness and Heterogeneity analysis

4.6.1 Robustness checks

4.6.1.1 Alternative specifications

This section explores the degree to which the results are sensitive to different specifications. In Panel A

of Table C1 (Appendix C), we use district-by-month fixed effects instead of village-by-month fixed effects to

account for seasonal patterns. Additionally, we use a different level of clustering, that is, by the district-level.

The results are similar to that of the baseline results, with drought exposure in utero yielding a statistically

negative effect on a child HAZ and physical growth. Panel B of Table C1 repeats the same exercise using the

mother fixed effect. The findings are indistinguishable from the baseline results in terms of significance and

sign.

4.6.1.2 Alternative definitions of drought

In this section, we conduct a series of robustness checks to test that our baseline results are not sensitive

to alternative definitions of drought. In Appendix C, Table C2, we show that an alternative definition of utero

drought exposure yields similar findings to that of the baseline results in terms of sign and significance. We

define drought exposure in utero as a dummy variable, taking the value 1 if a child experiences at least a

drought episode during the gestational period. The findings indicate that drought exposure during pregnancy

is associated with lower HAZ and physical growth. The effect is not statistically significant for a child weight

outcomes. Table C3 repeats the same exercises using the number of drought months exposure during the

growing period. The coefficient estimates remain stable in terms of magnitude and significance.

Table C4 considers the month of severe droughts exposure during pregnancy as the key explanatory

variable. We define a severe drought as the number of months with SPEI ≤-1.5 during pregnancy. The

results are similar in terms of significance and magnitude. In Table C5, we replace drought exposure in utero
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with the lifetime drought exposure, from pregnancy to the time of the survey. The measure is a dummy

variable, taking the value of 1 if a child has experienced at least one drought episode over the course of his

lifetime. The results hold in term of significance and magnitude.

Finally, in Table C6 we replicate the main results using drought with different SPEI month of scales: 1-

month of scale and 12-month scale. Again, the sign and statistical significance are similar to the baseline

results.

4.6.1.3 Additional checks

We perform other additional robustness checks in Appendix C. The sign and magnitude are very similar to the

baseline when we replace the outcome variables using alternative definitions of child nutritional status (Table

C7, Appendix C). The outcome variables are stunting, wasting and physical growth deficits, respectively. The

findings show that exposure to drought in utero is associated with an increased prevalence of stunting and

physical growth deficits among under-five age children. For example, column 2 of Table C7 indicates that one

additional month of drought during pregnancy increases the prevalence of stunting by a 1.5 percentage point.

Table C8 in the Appendix reports the effect of drought in utero with the full sample. The results yield

similar results to that of baseline estimate in terms of magnitude and significance. This finding implies that

the effect of drought on those unable to migrate is not different from that of the whole sample.

4.6.1.4 Mortality and Fertility selection

Twomajor forms of sample selection may affect the baseline estimated results: mortality and fertility selection.

Regarding mortality selection, some children may have died during the gestational period when exposed to

drought shocks and others during the early years of life. If such an effect exists, our results may underestimate

the true effect of drought exposure in utero on a child nutritional status, since our sample consists of survival

children. We address the issue by estimating the relationship between prenatal drought exposure and child

mortality both in utero and after birth. Table C9 in Appendix C indicates no evidence of drought exposure in
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utero on pregnancy loss and postnatal mortality (Columns (1)-(3) of Table C10 in Appendix C). This finding

implies that mortality selection does not contaminate the main results of this study.

Furthermore, adverse weather shocks may influence the decision of fertility (Lam and Miron, 1996; Hajdu

and Hajdu, 2022). For instance, a womanmay decide to delay her childbirth in anticipation of adverse weather

events, and weather events may be associated with a season of birth. Because of the close connection

between drought and season, individuals may anticipate drought incidence during particular season of a year,

such as dry season, where such phenomenon is likely to occur and adjust their fertility decision accordingly.

In this regard, this selectivity may affect the estimated results. To test for the fertility selection, we estimate the

relation between drought in utero and the preceding birth interval months. We find no evidence of association

between prenatal drought exposure and the timing of conception (Column (4) of Table C9). This finding

mitigates the concern of fertility selection as a potential bias to our main results.

4.6.2 Results from the heterogeneity analysis

In this section, we explore the heterogeneous effect of drought exposure during pregnancy by child gender,

residence of location and recent birth. Panel A of Table C10 (Appendix C) presents the heterogeneous effect of

drought by interacting the months of drought in utero with a dummy variable for whether a child is a boy. The

results suggest no heterogeneous effect of drought exposure during pregnancy by child gender, even though

boys appear to have poor nutrition relative to girls. The finding implies no evidence of parental gender bias in

the context of Zambia (Rossi and Rouanet, 2015).

Panel B of Table C10 (Appendix C) reports the heterogeneous results of drought exposure in utero by

residence location. Again, the results show no evidence of heterogeneous effect of drought exposure in utero

on child health outcomes by residence of location. Taken together, the heterogeneity analysis suggests that

the effects of drought exposure during pregnancy on child health are similar across child gender and residence

of location.

Finally, Panel C of Table C10 (Appendix C) presents the heterogeneity result of prenatal drought exposure
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by recent birth. We define recent birth as a dummy variable for whether the child is at most 24 months of age

at the time of the survey. The results indicate that the negative effect of drought on child health outcomes is

pronounced among younger children.

4.7 Conclusions

Drought poses an existential threat, especially in resource-constrained areas where rain-fed agriculture re-

mains a primary source of subsistence. This study exploits spatio-temporal weather variation across the

Zambian DHS cluster to capture the effect of drought exposure during pregnancy on child health outcomes.

The results show compelling evidence of the detrimental effect of exposure to drought during pregnancy

on child health outcomes, particularly height. The effect of drought exposure in utero is less robust to child

weight outcomes. This finding implies that exposure to drought during pregnancy has a latent effect on

long-term nutritional outcomes. Our findings corroborate recent evidence that document a robust negative

effect of weather shock on child height (Le and Nguyen, 2021; Bratti et al., 2021). The negative effects are

larger during the first and third trimesters of pregnancy. These findings cohere with medical evidence that

documents the first and last trimesters as a highly sensitive period to fetal development (Harding and Bocking,

2001; Altshuler et al., 2003).

Our heterogeneity analysis indicates that the effect of drought shocks on child health is similar across

gender and residence location. We further show that drought during growing periods have a negative impact

on major crop yields. In low-income settings heavily reliant on rain-fed agriculture, drought can increase

the incidence of food insecurity (Ngcamu and Chari, 2020). This insight suggests that lower crop yields

are the main pathway through which prenatal drought exposure affects child health outcomes. Moreover,

our analysis indicates that drought during pregnancy result into greater parental investments. This finding

provides a suggestive evidence of parental compensatory investment, consistent with empirical evidence of

parental responses to health shock during early childhood (Almond and Mazumder, 2013).

Our analysis of potential mitigating factors suggests that prenatal care use by a qualified healthcare pro-
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fessional may attenuate the adverse effect of in utero shocks. While this finding is suggestive, it provides

a rationale for incorporating the health needs of pregnant women and children into climate adaptation and

disaster-related policies. Investment in adaptation is critical to protect populations from the detrimental ef-

fects of extreme weather events. This insight is consistent with the findings that document better access to

healthcare as an adaptation strategy to the adverse effect of weather shocks on health outcomes (Banerjee

and Maharaj, 2020; Mullins and White, 2020; Cohen and Dechezleprêtre, 2022). Our study calls for further

research on the role of adaptation strategy to adverse weather shocks on other human capital dimensions

such as cognitive outcomes.
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Chapter 5

General Conclusion

In the last decades, several countries have witnessed substantial progress in some health and education

indicators, most especially rising life expectancy and school enrollment (World Bank, 2024). Yet, significant

parts of the world are far from quality education and good health for all, particularly in low-income countries

(Grantham-McGregor et al., 2007; Gust et al., 2024). This thesis examines factors that affect health and

education in the context of developing countries, which yields three distinct empirical topics.

Chapter 2 explores the extent of socioeconomic-related inequality in language skills among Peruvian chil-

dren aged 5-15. This chapter complements evidence from existing literature from both developed and de-

veloping countries. The results indicate that socioeconomic-related inequality in children’s cognitive skills is

observable during the early ages and persists throughout adolescence, though declining. Parental socioeco-

nomic status emerges as the main contributing factor to this observed socioeconomic-related inequality in

language skills. This contribution is the product of inequality in wealth and parental wealth’s influence on their

children’s language skills. This finding yields important policy implications. First, it highlights the importance

of intervening early. Early public interventions can narrow socioeconomic inequality in language skills at the

beginning of formal schooling (Sánchez et al., 2020). Second, the finding suggests that reducing socioe-

conomic inequality entails either reducing wealth inequality or the elasticity of parental wealth on children’s

language skills. However, there are some important trade-offs. For instance, reducing the elasticity of wealth
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would decrease the average performance in language skills. Therefore, policy aimed at reducing socioeco-

nomic inequality should consider the costs and benefits associated with each component of socioeconomic

inequality.

Chapter 3 examines the relationship between childhood exposure to armed conflicts and schooling out-

comes. This chapter extends the existing literature by using a conflict exposure measure at a finer geograph-

ical level. The result reveals a statistically insignificant relationship between armed conflict exposure during

childhood and the probability of primary and lower secondary school completion. This finding suggests a

community’s resilience to conflict, particularly in the context of protracted armed conflict. Additionally, this

finding indicates that the relationship between conflict exposure and educational outcomes is context specific,

in line with existing empirical evidence (Verwimp and Van Bavel, 2014).

Chapter 4 focuses on the links between prenatal exposure to drought and child health outcomes. The

results show an adverse effect of drought exposure during pregnancy on child health, particularly regarding

height. The effects are similar across child gender and residence location. Lower crop yields emerge as the

main pathway connecting drought and child health outcomes. Further results show that prenatal care use

by a qualified healthcare professional may attenuate the adverse effect of drought on child health outcomes.

This finding highlights the importance of considering the health needs of pregnant women and children into

climate adaptation and disaster-related policies. Investment in adaptation is crucial to protect populations

from the adverse effects of extreme weather events.

This thesis is not without limitations. The main limitation is related to data constraints. In chapter 2, the

focus on the family environment may convey only a partial picture of the evolution of socioeconomic inequality

across different childhood ages. Further research can incorporate the schooling environment into the analysis

and disentangle the contribution of schools from family factors in explaining socioeconomic-related inequality

in children’s cognition.

In chapter 3, measurement errors in self-reported data may affect the estimated results, leading either to a

downward or upward bias estimate. Moreover, the cross-sectional nature of the data restrict us from capturing

conflict heterogeneity over time. Conflict intensity may vary over time across cohorts, especially in the context
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of protracted armed conflicts. Future research should account for this timing effect using longitudinal data, if

available, with better identification strategies. Moreover, accounting for the timing effect in conflict intensity

would shed light on the heterogeneous effect of armed conflict on adult outcomes according to the age of

exposure. Additionally, there is a need for further research to uncover specific channels connecting conflict

exposure and educational outcomes, especially in the context of community resilience. While community

resilience maymute the negative relationship between conflict exposure and educational attainment, its effects

on the quality of schooling may be different. Further research should investigate the links between armed

conflict exposure and the quality of schooling, such as learning outcomes in the context of protracted armed

conflict.

Regarding chapter 4, future research should extend the analysis of prenatal exposure to drought by consid-

ering other dimensions of human capital, such as cognitive and socio-emotional development. There is also

a need for further research on understanding the implications of public policy interventions in the relationship

between weather shocks and human capital.
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Appendix A: Additional tables to chapter 2

Table A1: Concentration index computed with household expenditure per capita

CI

Age 5 0.052∗∗∗

(0.002)
Age 8 0.051∗∗∗

(0.003)
Age 12 0.043∗∗∗

(0.002)
Age 15 0.036∗∗∗

(0.003)

Notes: CI is estimated based on equation (2.2), that is the point estimates for the CI and the standard errors are
obtained using a convenient regression approach (Kakwani et al., 1997). Robust standard errors in parenthesis.
Significance levels: *, 10%; **, 5%; ***, 1%. The language achievement is measured by PPVT standardized with
mean 500 and SD 100. The socioeconomic status measure is the household expenditures per capita in log form.
Source: Peruvian Young Lives survey; own computations.
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Table A2: Concentration index computed with Parental education

CI

Age 5 0.064∗∗∗

(0.002)
Age 8 0.067∗∗∗

(0.002)
Age 12 0.066∗∗∗

(0.002)
Age 15 0.061∗∗∗

(0.002)

Notes: CI is estimated based on equation (2.2), that is the point estimates for the CI and the standard errors are
obtained using a convenient regression approach (Kakwani et al., 1997). Robust standard errors in parenthesis.
Significance levels: *, 10%; **, 5%; ***, 1%. The language achievement is measured by PPVT standardized with
mean 500 and SD 100. The socioeconomic status measure is the average parental years of education.
Source: Peruvian Young Lives survey; own computations.

Table A3: Difference in Socioeconomic-related inequality in language achievement between preschool and school
ages

Differences in CI

Age 8 and Age 5 -0.002
(0.004)

Age 12 and Age 5 -0.009∗∗∗

(0.003)
Age 15 and Age 5 -0.017∗∗∗

(0.004)

Notes: CI is estimated based on equation (2.2), that is, the point estimates for the CI and the standard errors
are obtained using a convenient regression approach (Kakwani et al., 1997). Differences in CI are tested
based on the chow test of equality of coefficients (Chow, 1960). Robust standard errors in parenthesis.
Significance levels: *, 10%; **, 5%; ***, 1%. The language achievement is measured by PPVT standardized
with mean 500 and SD 100. The socioeconomic status measure is household expenditures in log form
Source: Peruvian Young Lives survey; own computations.
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Table A4: Differences in Socioeconomic-related inequality in language achievement between preschool and school
ages

Differences in CI

Age 8 and Age 5 0.003
(0.004)

Age 12 and Age 5 0.002
(0.003)

Age 15 and Age 5 0.003
(0.003)

Notes: CI is estimated based on equation (2.2), that is, the point estimates for the CI and the standard errors
are obtained using a convenient regression approach (Kakwani et al., 1997). Differences in CI are tested
based on the chow test of equality of coefficients (Chow, 1960). Robust standard errors in parenthesis
Significance levels: *, 10%; **, 5%; ***, 1%. The language achievement is measured by PPVT standardized
with mean 500 and SD 100. The socioeconomic status measure is the average of parental education.
Source: Peruvian Young Lives survey; own computations.
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Table A7: Decomposition of value added–with PPVT scores age 8

ηk ck Cont
(1) (2) (3)

Wealth index 0.0490 0.1503 0.1589
PPVT age 8 0.5840 0.0588 0.7412
Male 0.0156 0.0010 0.0004
First born 0.0048 0.0955 0.0099
Child stunted -0.0034 -0.3018 0.0222
Child attended preschool 0.0151 0.0260 0.0085
Mother’s age 0.0374 0.0004 0.0003
Small household size 0.0083 0.0447 0.0080
Head of household female -0.0010 -0.0431 0.0009
Urban 0.0084 0.1631 0.0296
Both parents alive -0.0015 -0.0001 0.0000

Notes: The decomposition to CI based on equation (2.5), accounting for the PPVT at age 8.
PPVT measures the language achievement and is normalized with mean 500 and SD 100.
ηk=elasticity defined as

βk

Ā
(x̄k), ck = the concentration index for xk. cont= contribution to

CI . Source: Peruvian Young Lives survey; own computations.

Table A8: Socioeconomic-related inequality in language achievement with Quechua speaking student

CI

Age 5 0.074∗∗∗

(0.002)
Age 8 0.066∗∗∗

(0.002)
Age 12 0.062∗∗∗

(0.002)
Age 15 0.055∗∗∗

(0.002)

Notes: CI is based on equation (2.2). The point estimates for the CI and the standard errors are
obtained using a convenient regression approach (Kakwani et al., 1997). Robust standard errors
in parenthesis Significance levels: *, 10%; **, 5%; ***, 1%. The language achievement is measured
by PPVT standardized with mean 500 and SD 100. The socioeconomic status measure is household
wealth. The sample includes children assessed in Quechua.
Source: Peruvian Young Lives survey; own computations.
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Table A10: Socioeconomic-related inequality in language achievement with non-attriting children

CI

Age 5 0.071∗∗∗

(0.002)
Age 8 0.066∗∗∗

(0.003)
Age 12 0.059∗∗∗

(0.003)
Age 15 0.044∗∗∗

(0.003)

Notes: CI is based on equation (2.2). The point estimates for the CI and the standard errors are
obtained using a convenient regression approach (Kakwani et al., 1997). Robust standard errors
in parenthesis .Significance levels: *, 10%; **, 5%; ***, 1%. The language achievement is measured
by PPVT standardized with mean 500 and SD 100. The socioeconomic status measure is household
wealth. The sample is a balanced panel of children aged 5 to 15.
Source: Peruvian Young Lives survey; own computations.
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Table A12: Correlation between wealth index and other measures of socioeconomic status

(1)
Wealth Index

Parental average education 0.593∗∗∗

Log expenditure 0.568∗∗∗

N 7183
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Source: Peruvian Young Lives survey; Own computations.
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Appendix B: Additional tables and figures to

chapter 3
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Table B1: Violent conflict exposure and schooling outcomes

Primary schooling Lower secondary

(1) (2) (3) (4)

Violent conflict exposure -0.032∗∗∗ -0.008 -0.030∗∗∗ -0.001
(0.009) (0.010) (0.008) (0.007)

Violent conflict exposure*age 6-11 0.002 0.002
(0.007) (0.007)

Urban 0.132∗∗∗ 0.121∗∗∗ 0.110∗∗∗ 0.095∗∗∗

(0.023) (0.020) (0.027) (0.021)

Wealth index 0.167∗∗∗ 0.189∗∗∗ 0.158∗∗∗ 0.187∗∗∗

(0.010) (0.011) (0.010) (0.009)

gender 0.241∗∗∗ 0.243∗∗∗ 0.261∗∗∗ 0.264∗∗∗

(0.010) (0.010) (0.011) (0.011)

Violent conflict exposure*age 12-13 0.001 -0.004
(0.014) (0.013)

Province FE Yes Yes
Birth cohort FE Yes Yes Yes Yes
DHS dummy Yes Yes
N 22551 22551 13793 13793

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Probit Estimates based on equation (3.2). Clustered
standard errors in parenthesis at the village level. Violent conflict exposure is the weighted average number
of violent conflicts using the inverse distance between DHS clusters and conflict zones as weights. The
dependent variables are the likelihood of completing primary and lower secondary schooling. The omitted
groups are those aged 12-24 at the beginning of the conflict in 1996 for primary schooling and individuals
aged 14-24 for lower secondary schooling. Source: DHS, Own computations.
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Table B2: Non-violent conflict exposure and schooling outcomes

Primary schooling Lower secondary

(1) (2) (3) (4)

Non-violent conflict exposure -0.024∗∗∗ -0.017∗∗∗ -0.013∗ -0.003
(0.006) (0.004) (0.007) (0.004)

Non-violent conflict exposure*age 6-11 0.000 0.003
(0.006) (0.008)

Urban 0.128∗∗∗ 0.119∗∗∗ 0.107∗∗∗ 0.094∗∗∗

(0.024) (0.020) (0.028) (0.020)

Wealth index 0.169∗∗∗ 0.191∗∗∗ 0.158∗∗∗ 0.189∗∗∗

(0.011) (0.011) (0.010) (0.009)

Male 0.241∗∗∗ 0.243∗∗∗ 0.261∗∗∗ 0.264∗∗∗

(0.009) (0.010) (0.011) (0.011)

Non-violent conflict exposure*age 12-13 -0.013∗∗ -0.018∗∗∗

(0.006) (0.005)
Province FE Yes Yes
Birth cohort FE Yes Yes Yes Yes
DHS dummy Yes Yes
N 22551 22551 13793 13793

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Probit Estimates based on equation (3.2). Clustered standard
errors in parenthesis at the village level. Non-violent conflict exposure is the weighted average number of non-
violent conflicts using the inverse distance between DHS clusters and conflict zones as weights. The dependent
variables are the likelihood of completing primary and lower secondary schooling. The omitted groups are those
aged 12-24 at the beginning of the conflict in 1996 for primary schooling and individuals aged 14-24 for lower
secondary schooling. Source: DHS, Own computations.
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Table B3: Conflict exposure and schooling outcomes –gender

Primary schooling Lower secondary

Male Female Male Female
(1) (2) (3) (4)

Conflict exposure -0.001 -0.018∗∗ -0.001 -0.003
(0.017) (0.008) (0.019) (0.006)

Conflict exposure*age 6-11 -0.008 0.008
(0.009) (0.009)

Urban 0.088∗∗∗ 0.134∗∗∗ 0.076∗∗ 0.102∗∗∗

(0.024) (0.021) (0.031) (0.021)

Wealth index 0.129∗∗∗ 0.207∗∗∗ 0.188∗∗∗ 0.184∗∗∗

(0.021) (0.011) (0.017) (0.010)

Conflict exposure*age 12-13 0.000 -0.015
(0.025) (0.014)

Province FE Yes Yes Yes Yes
Birth cohort FE Yes Yes Yes Yes
DHS dummy Yes Yes Yes Yes
N 6413 16138 3998 9795

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Probit Estimates based on equation (3.2). Clustered
standard errors in parenthesis at the village level. Conflict exposure is the weighted average number
of conflicts using the inverse distance between DHS clusters and conflict zones as weights. The dependent
variables are the likelihood of completing primary and lower secondary schooling. The omitted groups are
those aged 12-24 at the beginning of the conflict in 1996 for primary schooling and individuals aged 14-24
for lower secondary schooling. DID specification. Source: DHS, Own computations.

122



Table B4: Conflict exposure and schooling outcomes – location of residence

Primary schooling Lower secondary

Urban Rural Urban Rural
(1) (2) (3) (4)

Conflict exposure -0.011∗ 0.005 -0.007 0.016∗∗

(0.006) (0.020) (0.005) (0.006)

Conflict exposure*age 6-11 0.010 -0.016
(0.006) (0.013)

Wealth index 0.138∗∗∗ 0.297∗∗∗ 0.194∗∗∗ 0.231∗∗∗

(0.009) (0.029) (0.008) (0.028)

Male 0.126∗∗∗ 0.316∗∗∗ 0.223∗∗∗ 0.281∗∗∗

(0.013) (0.012) (0.016) (0.014)

Conflict exposure*age 12-13 -0.006 -0.047
Province FE Yes Yes Yes Yes
Birth cohort FE Yes Yes Yes Yes
DHS dummy Yes Yes Yes Yes
N 9478 13073 5664 8129

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Probit Estimates based on equation (3.2). Clustered
standard errors in parenthesis at the village level. Conflict exposure is the weighted average number
of conflicts using the inverse distance between DHS clusters and conflict zones as weights. The dependent
variables are the likelihood of completing primary and lower secondary schooling. The omitted groups are
those aged 12-24 at the beginning of the conflict in 1996 for primary schooling and individuals aged 14-24
for lower secondary schooling. Source: DHS, Own computations.
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Table B5: Conflict exposure and probability of migrating

migration migration
(1) (2)

Conflict exposure 0.003 0.015
(0.011) (0.011)

Conflict exposure*age 6-11 0.013
(0.020)

Urban 0.025 0.011
(0.038) (0.041)

Wealth index -0.010 -0.013
(0.015) (0.018)

gender -0.032∗ -0.014
(0.017) (0.019)

Conflict exposure*age 12-13 -0.029∗∗∗

(0.011)
Province FE Yes Yes
Birth cohort FE Yes Yes
N 9537 5844

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Probit Estimates. Clustered
standard errors in parenthesis at the village level. Conflict exposure is the
weighted average number of conflicts using the inverse distance between DHS
clusters and conflict zones as weights. The dependent variable is the likelihood
of migrating. The omitted groups are those ages 12-24 at the beginning of the
conflict in 1996 for primary schooling and individuals aged 14-24 for lower
secondary schooling. Source: Own computations.
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Table B6: Conflict exposure and schooling outcomes–Placebo cohorts

Primary schooling Lower secondary

(1) (2) (3) (4)

Conflict exposure -0.045∗∗∗ -0.024∗ -0.028∗∗∗ -0.005
(0.013) (0.012) (0.011) (0.010)

Conflict exposure*age 25+ 0.010 0.010
(0.011) (0.013)

Urban 0.109∗∗∗ 0.100∗∗∗ 0.097∗∗∗ 0.088∗∗∗

(0.019) (0.017) (0.019) (0.016)

Wealth index 0.184∗∗∗ 0.199∗∗∗ 0.166∗∗∗ 0.187∗∗∗

(0.010) (0.010) (0.007) (0.008)

Male 0.279∗∗∗ 0.279∗∗∗ 0.279∗∗∗ 0.280∗∗∗

(0.009) (0.008) (0.009) (0.009)

Conflict exposure*age 25+ 0.001 0.000
(0.009) (0.011)
(0.010) (0.010)

Province FE Yes Yes
Birth cohort FE Yes Yes Yes Yes
DHS dummy Yes Yes
N 21646 21646 18946 18946

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Probit Estimates based on equation (3.2). Clustered
standard errors in parenthesis at the village level. Conflict exposure is the weighted average number
of conflicts using the inverse distance between DHS cluster and conflict zones as weights. The dependent
variables are the likelihood of completing primary and lower secondary schooling. The omitted groups are
those aged 12-24 at the beginning of the conflict in 1996 for primary schooling and individuals aged 14-24
for lower secondary schooling. Source: DHS, Own computations.
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Table B7: Conflict exposure and schooling outcomes–Alternative dataset

Primary schooling Lower secondary

(1) (2) (3) (4)

Conflict exposure 1996 -0.004 0.014∗ -0.004 0.018∗∗∗

(0.008) (0.007) (0.009) (0.007)

Conflict exposure 1996*age 6-11 -0.003 -0.005
(0.005) (0.005)

Urban 0.157∗∗∗ 0.115∗∗∗ 0.135∗∗∗ 0.080∗∗∗

(0.031) (0.026) (0.041) (0.028)

Wealth index 0.146∗∗∗ 0.160∗∗∗ 0.144∗∗∗ 0.167∗∗∗

(0.011) (0.011) (0.012) (0.010)

Male 0.230∗∗∗ 0.232∗∗∗ 0.258∗∗∗ 0.261∗∗∗

(0.011) (0.011) (0.013) (0.013)

Conflict exposure 1996*age 12-13 -0.006 -0.008
(0.008) (0.008)

Province FE Yes Yes
Birth cohort FE Yes Yes Yes Yes
DHS dummy Yes Yes
N 17992 17992 10985 10985

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Probit Estimates based on equation (3.2). Clustered
standard errors in parenthesis at the village level. Conflict exposure 1996 is the weighted average number
of deaths in 1996 using the inverse distance between DHS clusters and conflict zones as weights. The
dependent variables are the likelihood of completing primary and lower secondary schooling. The omitted
groups are those aged 12-24 at the beginning of the conflict in 1996 for primary schooling and individuals
aged 14-24 for lower secondary schooling. Source: DHS, Own computations.
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Table B8: Conflict exposure and schooling outcomes–Alternative dataset

Primary schooling Lower secondary

(1) (2) (3) (4)

Conflict exposure -0.061∗∗∗ -0.006 -0.056∗∗∗ 0.037∗

(0.013) (0.022) (0.012) (0.020)

Conflict exposure*age 6-11 0.005 0.005
(0.009) (0.009)

Urban 0.123∗∗∗ 0.119∗∗∗ 0.105∗∗∗ 0.090∗∗∗

(0.023) (0.020) (0.026) (0.020)

Wealth index 0.161∗∗∗ 0.187∗∗∗ 0.150∗∗∗ 0.186∗∗∗

(0.010) (0.010) (0.010) (0.008)

Male 0.241∗∗∗ 0.243∗∗∗ 0.262∗∗∗ 0.264∗∗∗

(0.010) (0.010) (0.011) (0.011)

Conflict exposure*age 12-13 0.001 -0.005
(0.016) (0.017)

Province FE Yes Yes
Birth cohort FE Yes Yes Yes Yes
DHS dummy Yes Yes
N 22551 22551 13793 13793

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Probit Estimates based on equation (3.2). Clustered
standard errors in parenthesis at the village level. Conflict exposure is the weighted average number of
deaths using the inverse distance between DHS clusters and conflict zones as weights. The dependent
variables are the likelihood of completing primary and lower secondary schooling. The omitted groups
are those aged 12-24 at the beginning of the conflict in 1996 for primary schooling and individuals aged
14-24 for lower secondary schooling. Source: Own computations.
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Table B9: Conflict exposure and Primary schooling outcomes-Alternative specifications

Primary schooling Primary schooling
(1) (2)

Conflict exposure -0.097∗∗∗ -0.047
(0.025) (0.034)

Conflict exposure*age 0-5 0.026 0.057
(0.036) (0.043)

Conflict exposure*age 6-11 0.002 0.010
(0.020) (0.026)

Urban 0.422∗∗∗ 0.434∗∗∗

(0.071) (0.065)

Wealth index 0.529∗∗∗ 0.596∗∗∗

(0.038) (0.046)

Male 0.732∗∗∗ 0.769∗∗∗

(0.035) (0.036)
Province FE Yes
Birth cohort FE Yes Yes
DHS dummy Yes
N 29727 29727

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Probit Estimates. Clustered standard errors in parenthesis at the village
level. Conflict exposure is the weighted average number of conflicts using the inverse distance between DHS clusters
and conflict zones as weights. The dependent variable the likelihood of completing primary schooling. The omitted groups
are those aged 12-24 at the beginning of the conflict in 1996 . Source: DHS, Own computations.
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Table B10: Conflict exposure and Lower secondary schooling outcomes–Alternative specifications

Lower secondary Lower secondary
(1) (2)

Conflict exposure -0.075∗∗∗ -0.028
(0.028) (0.028)

Conflict exposure*age 0-5 0.077∗∗ 0.102∗∗∗

(0.037) (0.036)

Conflict exposure*age 6-11 0.017 0.021
(0.026) (0.030)

Conflict exposure*age 12-13 -0.018 -0.039
(0.040) (0.044)

Urban 0.362∗∗∗ 0.379∗∗∗

(0.078) (0.067)

Wealth index 0.499∗∗∗ 0.589∗∗∗

(0.028) (0.031)

Male 0.714∗∗∗ 0.753∗∗∗

(0.033) (0.035)
Province FE Yes
Birth cohort FE Yes Yes
DHS dummy Yes
N 29727 29727

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Probit Estimates. Clustered standard errors in parenthesis at the
village level. Conflict exposure is the weighted average number of conflicts using the inverse distance between
DHS clusters and conflict zones as weights. The dependent variable is the likelihood of completing lower secondary
schooling. The omitted groups are those aged 14-24 at the beginning of the conflict in 1996.
Source: DHS, Own computations.
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Table B11: Conflict exposure and Schooling outcomes: LPM

Primary schooling Lower secondary

(1) (2) (3) (4)

Conflict exposure -0.025∗∗∗ -0.009 -0.025∗∗∗ -0.004
(0.006) (0.007) (0.009) (0.006)

Conflict exposure*age 6-11 0.001 0.002
(0.005) (0.005)

Urban 0.192∗∗∗ 0.185∗∗∗ 0.143∗∗∗ 0.128∗∗∗

(0.027) (0.023) (0.031) (0.024)

Wealth index 0.125∗∗∗ 0.153∗∗∗ 0.163∗∗∗ 0.191∗∗∗

(0.009) (0.009) (0.010) (0.009)

Male 0.246∗∗∗ 0.248∗∗∗ 0.279∗∗∗ 0.281∗∗∗

(0.011) (0.012) (0.014) (0.014)

Conflict exposure*age 12-13 -0.004 -0.009
(0.012) (0.012)

Province FE Yes Yes
Birth cohort FE Yes Yes Yes Yes
DHS dummy Yes Yes
N 22551 22551 13793 13793

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. Estimates based on LPM. Clustered
standard errors in parenthesis at the village level. Conflict exposure is the weighted average number
of conflicts using the inverse distance between DHS clusters and conflict zones as weights. The dependent
variables are the likelihood of completing primary and lower secondary schooling. The omitted groups are
those aged 12-24 at the beginning of the conflict in 1996 for primary schooling and individuals aged 14-24
for lower secondary schooling. Source: DHS, own computations.

130



.2
.4

.6
.8

1
P

r(
p

ri
m

e
d

u
c
)

0 1 2 3 4 5 6 7 8 9 10
Total conflict exposure

Age 12−24 Age 0−5

Age 6−11

Predictive margins of agegrp with 95% CIs

Figure B1: Conditional marginal effect of completing primary schooling

Source: DHS, Own computations.
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Figure B2: Conditional marginal effect of completing lower secondary schooling

Source: DHS, Own computations.
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Appendix C: Additional tables and figures to

chapter 4

Figure C1: DHS clusters at the district level

Source: DHS, Own computations.

133



Table C1: The effect of drought in utero on child health outcomes- Alternative specifications

HAZ WHZ Physical growth

(1) (2) (3) (4) (5) (6)

PANEL A District x month birth FE
Months drought utero -0.055∗∗∗ -0.052∗∗∗ -0.002 -0.004 -0.027∗∗∗ -0.027∗∗∗

(0.009) (0.010) (0.006) (0.007) (0.004) (0.005)
Controls Yes Yes Yes Yes Yes Yes
District x Month birth FE Yes Yes Yes Yes Yes Yes
District-specific time trend Yes Yes Yes
N 16372 16372 16356 16356 16392 16392
R2 0.109 0.118 0.070 0.081 0.106 0.112

PANEL B Mother FE
Months drought utero -0.086∗∗∗ -0.084∗∗∗ -0.007 -0.006 -0.046∗∗∗ -0.044∗∗∗

(0.015) (0.016) (0.011) (0.011) (0.008) (0.008)
Controls Yes Yes Yes Yes Yes Yes
Mother FE Yes Yes Yes Yes Yes Yes
District x Month birth FE Yes Yes Yes Yes Yes Yes
District-specific time trend Yes Yes Yes
N 8348 8348 8341 8341 8367 8367
R2 0.694 0.703 0.674 0.681 0.708 0.716

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors clustered at the
the village level in parenthesis. The dependent variables are child HAZ, WHZ and physical growth. Months drought utero is
the number of months of drought in utero. Physical growth is the average of HAZ and WHZ. Whole sample. The controls
include a dummy for child male, mother schooling, a dummy for urban,a dummy for the head of the household
male, mother’s age at birth, child age in months, birth order. Source: own computations.
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Table C2: The effect of drought in utero on child health outcomes- Alternative definitions of drought

HAZ WHZ Physical growth

(1) (2) (3) (4) (5) (6)

Drought in utero (dummy) -0.158∗∗∗ -0.174∗∗∗ -0.010 -0.017 -0.082∗∗∗ -0.096∗∗∗

(0.039) (0.039) (0.031) (0.031) (0.021) (0.022)
Controls Yes Yes Yes Yes Yes Yes
Village x Month birth FE Yes Yes Yes Yes Yes Yes
District-specific time trend Yes Yes Yes
N 14106 14039 14090 14024 14128 14061
R2 0.368 0.378 0.336 0.345 0.366 0.376

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors clustered at the
village level in parenthesis. The dependent variables are child HAZ, WHZ and physical growth. Drought in utero (dummy) is
a dummy if a child has experienced at least one drought episode in utero. Physical growth is the average of HAZ and WHZ
Source: own computations

Table C3: The effect of drought in utero on child health outcomes- Alternative definitions of drought during growing
period

HAZ WHZ Physical growth

(1) (2) (3) (4) (5) (6)

Months drought utero (growperiod) -0.072∗∗∗ -0.081∗∗∗ -0.006 -0.007 -0.038∗∗∗ -0.043∗∗∗

(0.015) (0.016) (0.013) (0.013) (0.009) (0.009)
Control Yes Yes Yes Yes Yes Yes
Village x Month birth FE Yes Yes Yes Yes Yes Yes
District linear trend Yes Yes Yes
N 14106 14039 14090 14024 14128 14061
R2 0.369 0.379 0.336 0.345 0.367 0.377

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors clustered at
the village level in parenthesis. The dependent variables are child HAZ, WHZ and physical growth. Months drought utero
growing period in utero Physical growth is the average of HAZ and WHZ. The controls include a dummy for child male,
mother schooling, a dummy for urban,a dummy for the head of the household male, mother’s age at birth, child age in
months, birth order. Source: own computations.
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Table C4: The effect of drought in utero on child health outcomes-severe drought

HAZ WHZ Physical growth

(1) (2) (3) (4) (5) (6)

Months drought utero (severe) -0.056∗∗∗ -0.063∗∗∗ 0.002 -0.000 -0.026∗∗∗ -0.031∗∗∗

(0.012) (0.012) (0.010) (0.010) (0.007) (0.007)
Controls Yes Yes Yes Yes Yes Yes
Village x Month birth FE Yes Yes Yes Yes Yes Yes
District-specific time trend Yes Yes Yes
N 14106 14039 14090 14024 14128 14061
R2 0.369 0.379 0.336 0.345 0.366 0.376

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors clustered at
the village level in parenthesis. The dependent variables are child HAZ, WHZ and physical growth. Months drought utero is
the number of months of a severe drought in utero. Physical growth is the average of HAZ and WHZ. The controls include
a dummy for child male, mother schooling, a dummy for urban, a dummy for the head of the household male, mother’s age
at birth, child age in months, birth order. Source: own computations.

Table C5: The effect of lifetime drought on child health outcomes

HAZ WHZ Physical growth

(1) (2) (3) (4) (5) (6)

Lifetime drought -0.274∗∗∗ -0.325∗∗∗ -0.100 -0.135∗∗ -0.175∗∗∗ -0.227∗∗∗

(0.090) (0.091) (0.062) (0.066) (0.051) (0.051)
Controls Yes Yes Yes Yes Yes Yes
Village x Month birth FE Yes Yes Yes Yes Yes Yes
District-specific time trend Yes Yes Yes
N 14106 14039 14090 14024 14128 14061
R2 0.368 0.378 0.336 0.345 0.366 0.377

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors clustered at the
village level in parenthesis. The dependent variables are child HAZ, WHZ and physical growth. Lifetime drought is a dummy
variable for whether a child has experienced drought in his lifetime. Physical growth is the average of HAZ and WHZ. The
controls include a dummy for child male, mother schooling, a dummy for urban, a dummy for the household male, mother’s
age at birth, child age in months, birth order. Source: own computations.
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Table C6: The effect of drought in utero on child health outcomes-different month scales

HAZ WHZ Physical growth

(1) (2) (3) (4) (5) (6)

PANEL A 1-month scale
Months drought utero -0.066∗∗∗ -0.074∗∗∗ -0.009 -0.013 -0.035∗∗∗ -0.042∗∗∗

(0.012) (0.012) (0.010) (0.010) (0.006) (0.007)
Controls Yes Yes Yes Yes Yes Yes
Village x Month birth FE Yes Yes Yes Yes Yes Yes
District-specific time trend Yes Yes Yes
R2 0.370 0.379 0.336 0.345 0.367 0.378

PANEL B 12-month scale
Months drought utero -0.016∗∗ -0.021∗∗∗ -0.008 -0.010 -0.011∗∗ -0.015∗∗∗

(0.008) (0.008) (0.006) (0.006) (0.004) (0.004)
Control Yes Yes Yes Yes Yes Yes
Village x Month birth FE Yes Yes Yes Yes Yes Yes
District-specific time trend Yes Yes Yes
R2 0.368 0.377 0.336 0.345 0.366 0.376
N 14106 14039 14090 14024 14128 14061

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors clustered at the
village level in parenthesis. The dependent variables are child HAZ, WHZ and physical growth. Months drought utero is the
number of months of drought in utero. Physical growth is the average of HAZ and WHZ. The controls include a dummy for
child male, mother schooling, a dummy for urban, a dummy for the head of the household male, mother’s age at birth
child age in months, birth order. Source: own computations.
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Table C7: The effect of drought in utero on child health outcomes–Alternative definitions

Stunting Wasted Physical growth deficit

(1) (2) (3) (4) (5) (6)

Months drought utero 0.016∗∗∗ 0.015∗∗∗ 0.000 -0.001 0.005∗∗∗ 0.005∗∗∗

(0.003) (0.003) (0.001) (0.001) (0.002) (0.002)
Controls Yes Yes Yes Yes Yes Yes
Village x Month birth FE Yes Yes Yes Yes Yes Yes
District-specific time trend Yes Yes Yes
N 14106 14039 14090 14024 14128 14061
R2 0.352 0.365 0.329 0.337 0.332 0.338

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors clustered at the
village level in parenthesis. The dependent variables are child stunted, Wasted and physical growth deficit. Months drought
drought utero is the number of months of drought in utero. Physical growth is the average of HAZ and WHZ. stunted is a
dummy whether HAZ< −2SD. Physical growth deficit is a dummy whether physical growth < −2SD. Wasted is a
dummy whether WHZ< −2SD. The controls include a dummy for child male, mother schooling, a dummy for urban,
a dummy for the head of the household male, mother’s age at birth, child age in months, birth order.
Source: own computations.

Table C8: The effect of drought in utero on child health outcomes-Whole sample

HAZ WHZ Physical growth

(1) (2) (3) (4) (5) (6)

Months drought utero -0.059∗∗∗ -0.064∗∗∗ -0.004 -0.007 -0.031∗∗∗ -0.035∗∗∗

(0.007) (0.007) (0.006) (0.006) (0.004) (0.004)
Controls Yes Yes Yes Yes Yes Yes
Village x Month birth FE Yes Yes Yes Yes Yes Yes
District-specific time trend Yes Yes Yes
N 23446 23363 23415 23333 23480 23397
R2 0.318 0.327 0.279 0.286 0.315 0.323

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors clustered at the
village level in parenthesis. The dependent variables are child HAZ, WHZ and physical growth. Months drought utero is the
number of months of drought in utero. Physical growth is the average of HAZ and WHZ. Whole sample. The controls include
a dummy for child male, mother schooling, a dummy for urban, a dummy for the head of the household male, mother’s age
at birth, child age in months, birth order. Source: own computations.
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Table C9: The effect of drought in utero on mortality and birth interval

in utero mortality Infant mortality Child mortality Birth interval
(1) (2) (3) (4)

Months drought utero -0.000 0.001 0.001 0.081
(0.002) (0.001) (0.001) (0.117)

Controls Yes Yes Yes Yes
Village x Month birth FE Yes Yes Yes Yes
District linear trend Yes Yes Yes Yes
N 16837 16838 16838 11992
R2 0.347 0.310 0.307 0.522

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors clustered at the
village level in parenthesis. The dependent variables are in utero mortality, infant mortality, child mortality and birth interval
In utero mortality is a dummy for whether a women has ever had terminated pregnancy. Infant mortality is a dummy of
whether the child died within 12 months. Child mortality is a dummy of whether the child died before reaching five years
old. Birth interval is the number of months of preceding birth intervals. Months drought utero is the number of droughts
in utero. The controls include a dummy for child male, mother schooling, a dummy for urban, a dummy for the head of
the household male, mother’s age at birth, child age in months,birth order. Source: own computations.
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Table C10: The effect of drought in utero on child health outcomes–heterogeneity analysis

HAZ WHZ physical growth
(1) (2) (3)

PANEL A Heterogeneity by child’s gender
Child male x months drought utero -0.005 -0.001 -0.004

(0.018) (0.013) (0.010)
Controls Yes Yes Yes
Village x Month birth FE Yes Yes Yes
District-specific time trend Yes Yes Yes
R2 0.380 0.345 0.378
PANEL B Heterogeneity by residence of location
Urban x months drought utero -0.000 0.026 0.014

(0.022) (0.017) (0.012)
Controls Yes Yes Yes
Village x Month birth FE Yes Yes Yes
District-specific time trend Yes Yes Yes
R2 0.380 0.345 0.378
PANEL C Heterogeneity by recent birth
Recent birth x months drought utero -0.053∗∗∗ -0.025∗ -0.039∗∗∗

(0.020) (0.015) (0.010)
Control Yes Yes Yes
Village x Month birth FE Yes Yes Yes
District linear trend Yes Yes Yes
R2 0.379 0.344 0.373
N 14039 14024 14061

Notes: Significance levels: *, 10%; **, 5%; ***, 1%. DHS 2007, 2013/14 and 2018. Robust standard errors
clustered at the village level in parenthesis. The dependent variables are child HAZ, WHZ and physical growth.
Months drought utero is the number of months of drought in utero. Physical growth is the average of HAZ and
and WHZ. Recent birth is a dummy whether the child is 24 months of age. The control includes a dummy for
child male, age in months, birth order. Source: own computations.
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