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Abstract

Previous research shows that rainfall shocks reduce educational outcomes in
developing countries through the child labor mechanism: when rainfall raises agri-
cultural wages, children substitute work for schooling. This paper identifies com-
muting as an additional mechanism. Using longitudinal data from Ethiopia on
children’s time allocation, cognitive scores, and village-level precipitation, I doc-
ument that excessive rainfall lengthens commuting time and reduces enrollment,
but only where schools are connected by dirt rather than gravel roads. The cogni-
tion gap between gravel- and dirt-road communities widens when rainfall deviates
from normal. Exploiting variation in the school calendar, I show that commuting
disruptions occur primarily when excessive rainfall coincides with term time. I
estimate a cognition production function where commuting affects both the quan-
tity and quality of study hours. The findings underscore infrastructure’s role in

protecting child development under climate change.
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1 Introduction

Climate change is contributing to extreme weather events, including excessive rainfall
and droughts (Stott, 2016). An extensive literature examines how rainfall variation in-
fluences human capital formation in developing countries through agricultural income,
education, nutrition, and mortality (Maccini and Yang, 2009; Webb, 2022; Burgess
et al., 2017; Deschénes and Greenstone, 2011). Shah and Steinberg (2017) find that
drought exposure in India increases math scores and school attainment, arguing that

reduced agricultural productivity lowers child labor incentives.

This paper identifies commuting as an additional mechanism through which rainfall
affects educational outcomes. I first show that excessive rainfall increases commuting
time and reduces enrollment, but only in villages where schools are connected by dirt
rather than gravel roads. The cognition gap between gravel- and dirt-road communities
widens when rainfall deviates from normal. To test the mechanism, I exploit variation
in rainfall around the school calendar and show that the effect arises from term-time
rainfall. As a placebo, rainfall deviations during school breaks have no impact on
outcomes, consistent with the commuting channel. Measures of child labor are inelastic

to rainfall deviations and do not differ by road type.

I exploit natural variation in excessive rainfall exposure across the five rounds of
the Young Lives survey. Among children in the balanced panel, some never experienced
excessive rainfall, while others did so in only one of the five rounds. Importantly, the
timing of this single exposure varies: some children experienced it in Round 1, while
others in Round 3. This variation forms the basis of my identification strategy. The
quasi-random timing of rainfall shocks, combined with the longitudinal structure of the
panel, enables causal identification of excessive rainfall effects on child development.
The control group consists of children who were never exposed to excessive rainfall,
providing the counterfactual of no treatment (Sun and Abraham, 2021; Athey and Im-
bens, 2022). The event-study analysis reveals dynamic responses to excessive rainfall.
When children are first exposed in Round 3, enrollment falls relative to the control
group, with no evidence of pre-trends. The effect is significant among children where

roads to school are not gravel.

For robustness, I also examine drought impacts on child outcomes. Moderate
drought conditions significantly increase math cognition by 1.28 standard deviations,

enrollment by 0.37 percentage points, and study time by 0.38 hours per day. Cru-



cially, moderate drought reduces travel time to school by 21.11 minutes, suggesting
that improved road conditions during dry periods facilitate educational access. The
positive effects are strongest for moderate drought but diminish as severity increases,
remaining positive even at extreme levels. These results reveal a non-linear relationship
where mild water scarcity improves transportation accessibility, while severe drought
shows attenuated but persistent benefits. The transportation channel represents a
novel pathway through which climate affects human capital formation, distinct from

the wage-opportunity cost mechanisms emphasized in previous literature.

I find no differential effects by gender—both boys and girls respond similarly to
drought conditions, suggesting the transportation mechanism operates equally across
genders. However, effects are substantially larger in rural areas. Rural children expe-
rience significantly stronger positive effects from moderate drought on cognitive devel-

opment and enrollment.

Ethiopia’s social safety net programs appear ineffective in moderating drought im-
pacts. Neither public work programs nor direct support transfers significantly alter
how children respond to drought conditions. This suggests existing mechanisms inade-
quately address transportation challenges that drive drought’s educational effects, pro-
viding compelling evidence that commuting barriers matter more than income shocks.
These programs focus on financial support rather than transportation infrastructure,

highlighting a critical policy gap.

To understand the underlying mechanisms, I estimate a cognition production func-
tion with children’s time inputs as key determinants of learning outcomes. The model
decomposes how commuting time affects cognitive development through two channels:
a time budget channel and a learning efficiency channel. The time budget channel op-
erates through direct substitution—longer commutes reduce time available for studying
and in-school learning. The learning efficiency channel captures how extended commut-
ing affects educational productivity through fatigue, stress, and reduced concentration.
Children who undertake lengthy walks to school may arrive exhausted and less able
to absorb instruction effectively. By modeling both channels, this approach quantifies

the relative importance of each mechanism in determining cognitive outcomes.

Our findings are particularly relevant in the Ethiopian context where commuting
represents a substantial burden for children. Using community survey data, I document
that 45.3 percent of children travel on dry-weather roads to reach school—roads that

become impassable during heavy rains. The vast majority (90.7 percent) walk to school,



with average round-trip commutes of 44.2 minutes, and nearly one-fifth spend more

than an hour commuting daily.

This transportation mechanism is especially important given children’s already
constrained time budgets. Children in Ethiopia average 4 hours of child labor daily
from age 7 onwards while spending approximately 5 hours in school. This intensive
allocation across competing activities makes additional commuting time particularly
costly. The data reveal that child labor is intensive and persistent: children work an
average of 10 months per year, with 66.5 percent employed year-round. Work intensity
is high, averaging 4.4 days per week, with 45 percent working 6-7 days weekly. This
suggests that most children are engaged in sustained labor comparable to full-time
employment, explaining why small changes in commuting time have large educational
effects and why child labor measures appear inelastic to rainfall—not because children
are unaffected, but because they are already working at capacity regardless of weather

conditions.

This paper contributes to several strands of literature. First, it introduces a novel
dimension to the extensive literature on childhood weather shocks and human capi-
tal development by examining children’s time allocation through transportation and
infrastructure mechanisms—a previously underexplored avenue of research. Previous
research demonstrates that rainfall, particularly during childhood, influences height,
schooling, and wealth of adult women (Maccini and Yang, 2009), cognitive abilities
through increased agricultural income and nutritional investments (Webb, 2022), as
well as birthweight (Deschénes et al., 2009) and mortality (Deschénes and Greenstone,
2011; Barreca et al., 2016; Burgess et al., 2017). However, this literature has primar-
ily focused on agricultural income and nutritional pathways, with limited attention to

transportation infrastructure as a mediating mechanism.

Second, this study contributes to the child labor literature by demonstrating that
when child labor rates are already high, weather shocks may operate primarily through
alternative channels such as transportation infrastructure rather than labor market ad-
justments. In Ethiopia’s context, where children are already heavily engaged in child
labor—averaging 4 hours per day from age 7 onwards—weather shocks do not signif-
icantly alter existing work patterns, providing empirical support for this alternative
mechanism. This finding adds to the existing literature, which documents that child
labor is determined by poverty and economic factors (Basu and Van, 1998; Edmonds
and Schady, 2012), household characteristics (Basu and Van, 1998; Baland and Robin-



son, 2000; Strauss and Thomas, 1995), imperfect land and labor markets (Bhalotra and
Heady, 2003; Dumas, 2007), agriculture shocks (Bandara et al., 2015; Shah and Stein-
berg, 2017), and policy interventions (Bharadwaj et al., 2020; Basu, 2005; Edmonds
and Shrestha, 2014), by highlighting transportation infrastructure as an additional

important mechanism.

Third, the paper contributes to the literature on rural road access in developing
countries. Existing studies have shown that rural roads influence agricultural produc-
tivity, crop diversification, migration, land values, and poverty reduction (Asher and
Novosad, 2020; Shamdasani, 2021; Shrestha, 2020; Aggarwal, 2021; Gebresilasse, 2023;
Kebede, 2024). In Ethiopia, recent evidence highlights complementarities between rural
roads and agricultural extension programs (Gebresilasse, 2023), as well as large welfare
gains from the Universal Rural Road Access Program (Kebede, 2024). By focusing
on schooling and cognition, I extend this literature to human capital formation, em-
phasizing that infrastructure resilience—specifically whether schools are connected by
gravel or dirt roads—conditions the extent to which rainfall shocks disrupt educational

outcomes.

Finally, this paper contributes to the literature on child development and cogni-
tion in developing countries. A large body of work has documented the importance
of early-life investments for cognitive and non-cognitive skills, often emphasizing the
role of parental inputs, home environments, and early interventions (Attanasio et al.,
2015, 2020a; Attanasio and Rubio-Codina, 2015). I complement this literature by
showing how external factors—specifically climate shocks interacting with road in-
frastructure—affect children’s ability to attend school and study effectively, thereby
influencing cognitive outcomes. This highlights that investments in infrastructure re-
silience may be as important as household- or policy-driven interventions in sustaining

child development under climate change.

The findings hold important policy implications at the intersection of climate adap-
tation and child development. I find that moderate drought improves educational
outcomes in Ethiopia by temporarily reducing commuting barriers, while excessive
rainfall disrupts schooling primarily where roads are not all-weather. This highlights
transportation infrastructure as the critical link between climate variability and human

capital formation.

Traditional climate adaptation policies focus on agricultural resilience and in-

come support, while child development policies emphasize nutrition, health, and di-



rect educational interventions. However, my results reveal that infrastructure re-
silience—specifically ensuring all-weather road access to schools—represents a powerful
but underexplored policy tool that simultaneously addresses both climate vulnerability
and educational access. In contexts where nearly half of children must travel on roads
that become impassable during heavy rains, infrastructure investments offer concrete

protection against climate-induced educational disruptions.

These findings suggest that policymakers should prioritize all-weather road con-
nectivity to schools as a dual-purpose investment: enhancing climate resilience while
protecting human capital formation. This represents an actionable policy approach
that directly addresses the transportation barriers documented in this study, offering

a pathway to sustain educational outcomes under increasing climate variability.

The structure of the paper is as follows. Section 2 documents a more detailed
literature review. Section 3 explains institutional background, data and methods.
Section 4.5 presents the effects of drought on children’s educational, cognitive, and
behavioral outcomes in Ethiopia, heterogeneity and robustness checks. Section 4.4
introduces the quasi-experimental design and presents the event study results. Section

5 outlines the structural estimation approach. Finally, Section 6 concludes.

2 Literature Review

2.1 Weather shocks and human capital

Extensive research explores the impact of precipitation, temperature and windstorms
on economic outcomes, emphasizing variations in weather conditions observed over time
within specific geographic regions.! This body of work reveals a diverse array of effects
on multiple economic dimensions, encompassing agricultural and industrial output,
labor productivity, energy demand, health, and economic growth, among others. A

comprehensive summary of these findings is provided by Dell et al. (2014).

This paper demonstrates a nonlinear relationship between rainfall and educational

!Temperature-related studies also demonstrate significant effects on human outcomes: Deschénes
et al. (2009) finds that extreme heat during pregnancy reduces birth weight in the US; Deschénes and
Greenstone (2011) documents non-linear temperature-mortality relationships; Barreca et al. (2016)
shows reduced temperature-mortality sensitivity over the 20th century US; Barreca et al. (2015)
identifies declining health-mortality relationships; and Burgess et al. (2017) emphasizes temperature-
related mortality disparities between rural and urban India through reduced agricultural productivity.



outcomes, mediated by transportation infrastructure. I find that excessive rainfall
significantly reduces enrollment and increases school commuting times, particularly
for children in communities where schools are connected by dirt roads rather than
gravel roads. These transportation disruptions translate into lower mathematics test
scores. Conversely, during drought periods (below-normal rainfall), commuting times
are shorter and more stable, leading to improved math scores, especially for those with
poor road access to school. These findings highlight that transportation costs are a
critical channel through which weather shocks affect human capital accumulation in
Ethiopia, with basic infrastructure like gravel roads to schools providing significant

resilience.

Maccini and Yang (2009) demonstrates that greater early-life rainfall has positive
effects on women’s outcomes, including increased height, more years of schooling, and
improved household wealth, primarily mediated through education using Indonesia
Family Life Survey (IFLS). In the same dataset, Webb (2022) finds significant effects
of early-life (age 2) weather shocks on adult cognitive abilities, primarily attributed to
changes in agricultural income and nutritional investments. Shah and Steinberg (2017)
find that drought exposure is associated with higher educational attainment and school
attendance in India, theoretically proposing that when rainfall raises agricultural wages,
the opportunity cost of schooling increases and families send children to work instead
of school—though they do not directly measure child labor or children’s time allocation

in their study.?

2.2 Cognition and human capital in developing countries

This paper also contributes to the literature on cognition and human capital forma-
tion in developing countries. A large body of work emphasizes that cognitive skills
acquired during childhood are strong predictors of later-life schooling, labor market
performance, and health outcomes. A central theme in this literature is that early-life
investments, parental inputs, and household resources are critical for the development
of cognitive skills, particularly in environments where poverty and market imperfections
limit opportunities for children. Attanasio et al. (2020b) show that parental invest-

ments are central to human capital accumulation in India, while Attanasio et al. (2017)

2Related research on agricultural productivity and weather includes (Felkner et al., 2009) on
weather impacts on crop yields, (Burgess and Donaldson, 2010) on how railroads mitigate agricultural
shocks in colonial India, (Fisher et al., 2012) on climate change impacts on US agriculture, and
(Hornbeck, 2012; Deschénes and Greenstone, 2007, 2012) on agricultural land values and revenues.



document how poverty constrains human capital growth in Ethiopia and Peru. Other
studies demonstrate that differences in parental behavior and home environments ac-
count for much of the variation in cognitive outcomes across households, underscoring

the role of family decisions in shaping long-run inequality.

A complementary strand of research has evaluated targeted interventions aimed at
stimulating child development. Evidence from randomized controlled trials in Colom-
bia and other low-income settings highlights the effectiveness of early childhood in-
vestments and parenting programs in improving cognitive and non-cognitive skills (At-
tanasio et al., 2015, 2020a; Attanasio and Rubio-Codina, 2015). These studies show
that relatively small changes in parental engagement, learning environments, and nu-
tritional inputs can generate substantial gains in children’s cognitive trajectories. More
broadly, this body of work highlights the malleability of cognitive skills early in life

and the high returns to timely interventions.

2.3 Child labor

In 2020, the International Labour Organization (ILO) estimated that 160 million chil-
dren, or 9.6 percent of the world’s 5-17-year-olds, were employed, with 79 million in
hazardous conditions (ILO, 2020). 3. Despite some progress, child labor remains a
persistent issue, necessitating effective policy interventions. Dammert et al. (2018)

provide extensive literature reviews.

Understanding the factors that drive child labor is crucial for effective policy de-
sign aimed at its reduction or eradication. Numerous studies have explored these
factors, revealing key contributors. Poverty, household characteristics, credit market
imperfections, imperfect land and labor markets, and macroeconomic factors have been
identified as primary determinants (Fors, 2012; Bandara et al., 2015). For instance,
Basu and Van (1998) introduced a seminal model demonstrating how poverty incen-
tivizes child labor in well-functioning labor markets. When adult wages fall below the

subsistence threshold, households turn to child labor. Supporting this, Edmonds and

37 Child work” and ”child labor” are often used interchangeably in the literature, but ILO (2020)
distinguishes three categories: ”children in employment,” which encompasses all paid and some unpaid
productive activities; ”child laborers,” which excludes specific forms of child employment. Another
ILO definition characterizes child labor as any work that harms a child’s physical, mental, social,
or moral development, depriving them of childhood, potential, and dignity. It also hampers their
education by denying them access to school, compelling premature departure, or necessitating a
burdensome combination of school and excessive labor (ILO, 2023).



Schady (2012) conducted research that reaffirms the poverty-child labor connection.
They analyzed a cash transfer program in Ecuador, targeting impoverished families
through a lottery system, providing further evidence of the link between poverty and
child labor.

Household characteristics, such as parental altruism and education levels, can influ-
ence child labor decisions too. While altruistic parents may prioritize education, they
may also resort to child labor when faced with credit constraints, poverty, or social
norms (Basu and Van, 1998; Baland and Robinson, 2000). Parental education can also
impact child labor, as higher-educated parents tend to prioritize their children’s educa-
tion (Strauss and Thomas, 1995; Al-Samarrai and Peasgood, 1998). Imperfect land and
labor markets are also one cause of child labor. For instance, Microeconomic data from
developing countries show that children from land-rich households have higher labor
force participation but lower school attendance compared to children from land-poor
households. This is known as the “wealth paradox,” which challenges the assumption
that subsistence poverty drives child labor. Bhalotra and Heady (2003) argue that
imperfect labor and land markets contribute to this paradox, as land can have both a
wealth effect and a substitution effect on child labor. They find that land is positively
related to girls’ participation in family labor but has no effect on boys’ participation.
This suggests that land and labor markets are imperfect and significantly contribute
to child labor in rural Pakistan, Ghana, Uganda, rural India, and Burkina Faso has

shown in Dumas (2007); Congdon Fors (2007); Ganglmair (2005).

Child labor serves as a means of consumption smoothing, allowing households to
balance consumption during income fluctuations. Various strategies, such as asset man-
agement, borrowing, saving, crop diversification, labor supply adjustments, and formal
insurance, can help households achieve this balance. Assets, particularly livestock,
can act as a buffer, absorbing transitory income shocks (Beegle et al., 2006; Bandara
et al., 2015). In the absence of formal coping strategies, households employ alternative
mechanisms like child labor to smooth consumption when faced with shocks (Ravallion
and Chaudhuri, 1997; Morduch, 1999). Although these strategies may aid in risk man-
agement, they often fall short of achieving Pareto efficiency, as informal insurance can
be weak and costly (Morduch, 1999). Labor and credit market imperfections further
explain the prevalence of child labor (Dumas, 2013; Alvi and Dendir, 2011).

The literature overall classified shocks as either transitory or permanent. Further-

more, these shocks can be classified as income or non-income shocks, such as the loss of



a parent or relatives (Duryea et al., 2007). Numerous studies have demonstrated that
natural shocks have significant implications for the well-being of these children. For
example, Bandara et al. (2015) analyzed the effects of income and non-income shocks
on child labor in Tanzania using data from two rounds of the Tanzania National Panel
Survey. Crop shocks significantly affected overall child labor hours, particularly for
boys, with an increase of 7.7 hours per month and a 9.6-hour increase for boys. Girls
were more likely to quit school in response to shocks, with a probability of over 70%
compared to 50% for boys. Access to credit and assets reduced child labor, with a bank
account reducing male child labor by 12 hours. Improved agricultural practices, social
safety nets, access to credit, and opportunities for income generation could reduce the

adverse effects of transitory shocks on household income and child labor.

In Baker et al. (2020), the authors find that the boll weevil infestation increased
educational attainment by 0.24 to 0.36 years for children aged 4 to 9, regardless of
race. This shift indicates that the decline in cotton production due to the weevil made

education more valuable than child labor, affecting career choices for these children.

In Bai and Wang (2020), the study investigates changes in returns to work affecting
household income (income effect) and child labor (price effect). Using the 1991 Indian
tariff reform as a natural experiment, they find that lower returns to adult labor-
intensive crops reduce schooling due to a negative income effect. Conversely, reduced

returns to child labor increase schooling due to a countervailing price effect.

Shah and Steinberg (2017) examine the influence of wages on human capital in-
vestment in rural India. They find that positive productivity shocks reduce school
enrollment, attendance, and test scores, as children opt for outside work or home pro-
duction over human capital activities when wages are high. Their study also reveals
that early-life positive rainfall shocks increase wages by 2% but decrease math test
scores by 2-5% of a standard deviation, school attendance by 2 percentage points, and
the likelihood of a child being enrolled by 1 percentage point. These effects are long-
lasting, indicating that the opportunity cost of schooling, even for relatively young

children, plays a significant role in determining overall human capital investment.

2.4 Rural road access

This paper is also related to the literature on road infrastructure and development. A

large body of work highlights the importance of transport networks for facilitating the



movement of goods, people, and ideas, and for reducing trade costs (Ali et al., 2015;
Atkin and Donaldson, 2015). Much of this literature has examined the expansion of
highways and railroads in emerging economies such as China, India, Turkey, and the
United States (Faber, 2014; Ghani et al., 2016; Donaldson, 2018; Cosar and Demir,
2016; Allen and Arkolakis, 2014, 2022).

In contrast, the effects of rural roads—which directly affect the daily lives of agrar-
ian households—are less well understood. Evidence from India shows that rural road
construction facilitated exit from agriculture with limited income gains (Asher and
Novosad, 2020), but also encouraged crop diversification, technology adoption, and
labor demand (Shamdasani, 2021). Road access in Nepal increased agricultural land
values (Shrestha, 2020), while studies from India and Tanzania document improved

healthcare utilization and technology adoption (Aggarwal, 2021; Aggarwal et al., 2022).

In Ethiopia, Gebresilasse (2023) highlights complementarities between rural roads
and agricultural extension programs, while Wondemu and Weiss (2012) and Nakamura
et al. (2020) show that road investments reduce poverty and strengthen resilience. Most
recently, Kebede (2024) documents substantial welfare gains from Ethiopia’s Univer-
sal Rural Road Access Program (URRAP), finding that new rural roads increased

agricultural incomes by 13% through crop price adjustments and land reallocation.

Relative to this literature, my paper emphasizes a novel dimension: the interaction
between rainfall shocks and road quality in shaping educational outcomes. Whereas
existing studies focus on market integration, agricultural productivity, or land val-
ues, I show that infrastructure resilience—specifically, whether schools are connected
by gravel or dirt roads—conditions how climate shocks translate into children’s time

allocation, enrollment, and cognition.

3 Data and Institutional Background

3.1 Young Lives Survey

Young Lives Ethiopia is a longitudinal study spanning five rounds of data collection

from 2002 to 2016 *. The study employs a random sampling approach across two

4The data used in this publication come from Young Lives, a 20-year study of childhood poverty
and transitions to adulthood in Ethiopia, India, Peru and Vietnam (www.younglives.org.uk). Young
Lives is funded by UK aid from the Foreign, Commonwealth & Development Office and a number of
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cohorts: 2,000 children aged 6-18 months in 2002 (younger cohort) and 1,000 children
aged 7.5-8.5 years (older cohort).

Sampling covers five major regions—Addis Ababa, Oromia, Amhara, SNNPR, and
Tigray—representing 96 percent of Ethiopia’s population. Districts were strategically
selected from economically disadvantaged areas, with 75 percent in high food deficit
areas and 25 percent in lower food deficit areas (Outes-Leon and Sanchez, 2008). Three
to five districts were selected per region, with peasant associations or kebeles (the lowest
administrative level) serving as sentinel sites due to districts being too large. The study
ultimately established 20 sentinel sites across all regions, with communities defined
according to administrative areas. In practice, Young Lives community boundaries
may be smaller, larger, or the same as the sentinel site, and may include a whole
village or a suburb in a city. The key criterion was finding at least 100 households with
1-year-old children and 50 households with 8-year-old children.

The dataset includes various measures of children’s well-being and development,
such as physical health, cognitive development, educational attainment, and social and
emotional well-being. The dataset also includes information on children’s time use,
such as time spent on education, work, leisure, and household chores. Additionally,
the dataset captures information on children’s families, including parental education,
income, occupation, and household characteristics, as well as community-level data

such as access to basic services, infrastructure, and social programs.

The final sample comprises regional representation of 20 percent each, except Ad-
dis Ababa (15 percent) and SNNPR (25 percent). Outes-Leon and Sanchez (2008)
shows that Young Lives households were slightly better off than average Ethiopian
households, but held less land, owned less livestock, and were less likely to own a
house. Table 1 shows the summary statistics of Young Lives for Ethiopia. The ta-
ble presents mean values and standard deviations for key variables across four survey
rounds (2002, 2006, 2009, 2013), covering child characteristics including age, gender,
physical development, school enrollment, and time allocation to various activities, as
well as household characteristics such as rural residence, parental age, household size,
and wealth. The sample maintains a balanced gender composition, with females con-
sistently representing 46-47 percent of children across all survey rounds, ensuring ade-
quate representation for gender-disaggregated analysis. The rural share remains stable

at 66 percent throughout the study period, reflecting Ethiopia’s predominantly rural

further funders. The views expressed here are those of the author(s). They are not necessarily those
of Young Lives, the University of Oxford, FCDO, or other funders.
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Table 1: Summary Statistics of Children in Young Lives Ethiopia

2002 2006 2009 2013
Mean Mean Mean Mean

Child characteristics

age 2.97 7.18 10.16 14.04
(3.15)  (3.16) (3.17) (3.12)

Female 0.47 0.47 0.47 0.46
(0.50)  (0.50)  (0.50)  (0.50)

Child’s weight (kg) 11.22 20.02 26.40 35.94
(5.58)  (7.60) (10.46) (11.63)
Child’s height (cm) 84.40 114.71 130.76 147.83
(22.28) (18.18) (17.47) (13.46)

Enrolment 0.15 0.28 0.73 0.86
(0.35)  (0.45)  (0.45)  (0.35)

School 3.19 5.07 5.08
(3.22) (242) (2.35)

Hours/day spend in household chores 1.23 1.91 1.91
(1.53)  (1.46) (1.49)

Hours/day spent in domestic tasks 0.95 1.53 1.74
(1.81)  (2.18)  (2.36)

Hours/day spent in paid work 0.06 0.13 0.43

(0.57) (0.90) (1.81)
Household characteristics

Rural residence 0.66 0.66 0.66 0.66
(0.48)  (0.47)  (0.47)  (0.47)
Mother’s age 29.34 33.41 36.41 40.31
(7.10)  (7.05) (7.09) (7.06)
Father’s age 38.58 42.54 45.44 49.10
(9.46)  (9.54)  (9.50)  (9.35)
household size 5.98 6.27 6.34 5.90
(2.17)  (2.06)  (2.00)  (1.97)
Household wealth 0.22 0.30 0.35 0.39
(0.18)  (0.19) (0.18)  (0.17)
N 2364 2259 2228 2167

Notes: Wealth Index is a composite index measuring households’ access to services such as water
and sanitation, their ownership of consumer durables such as refrigerators, and the quality of floor,
roof, and wall materials in their dwelling. The standard deviation is in the parentheses. Source: The
Young Lives datasets (UK Data Archives).

character and allowing for robust analysis of rural-urban differences in educational and

labor outcomes. Enrollment rates increase substantially from 15 percent in 2002 to
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86 percent in 2013, reflecting children’s progression through school age, while child
labor engagement becomes more prominent over time, with hours spent in household
chores, domestic tasks, and paid work all increasing as children mature. Household
characteristics reveal typical patterns for Ethiopia, with average household sizes of
approximately 6 members and gradual improvements in wealth indices from 0.22 to
0.39 over the study period, indicating modest economic progress among participating

families.

The two-cohort design of the Young Lives study is clearly demonstrated in Ap-
pendix Table A9, which shows the age distribution within each survey round. This
table illustrates how the younger cohort progresses from approximately age 1 in Round
1 to ages 14-15 in Round 5, while the older cohort advances from ages 7-8 in Round 1 to
ages 21-22 in Round 5. The clean age progression across rounds confirms the success-
ful longitudinal tracking of the same children over the 14-year study period, providing
valuable insights into different developmental stages and life transitions. This design
allows us to examine drought effects across crucial developmental periods, from early

childhood through adolescence and into early adulthood.

3.2 Education in Ethiopia

Ethiopia’s education system operates from September to July, with free primary edu-
cation for students entering at age 7 (Education Policy and Data Center, 2018). The
structure comprises 6 years of primary education (compulsory until age 12), followed
by 4 years of lower secondary and 2 years of upper secondary. Ethiopia has a total of
21,418,000 pupils enrolled in primary and secondary education, with about 16,200,000
(76 percent) enrolled in primary education. Despite free primary education, educational
access and attainment remain challenging: 32 percent of primary school-age children
are out of school, and among youth aged 15-24, approximately 16 percent have no
formal education while 54 percent have incomplete primary education—meaning 70
percent have not completed primary education (Education Policy and Data Center,
2018).

I document that 45.3 percent of children in Young Lives communities must travel
on dry weather roads to reach school—infrastructure that becomes impassable during
heavy rains and flooding. This finding reveals the critical role of transportation barriers
in educational access, as the overwhelming majority (90.7 percent) of children walk to

school, facing average commute times of 44.2 minutes per day, with some children
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enduring daily commutes of up to 6 hours in a particular village.

In Young Lives, enrollment is measured through survey data collected from partic-
ipants and households. Researchers gather information on whether children of school
age are currently enrolled in any formal educational institution, such as a school or
a preschool. This data is collected through interviews and questionnaires conducted
with parents or guardians of the children. The binary variable takes the value of 1
if a child is currently enrolled in a formal educational institution (such as a school or

preschool) and 0 if the child is not enrolled.

Given that education is free to attend, it is perhaps unsurprising that enrollment
rates are relatively high as shown in Figure 1, which peaks at around 90 percent during

primary school ages.

Enrolment rate, %
1001

80
60
40+

20

0 2 4 6 8 10 12 14 16 18 20 22
age

—— Boys — Girls

Figure 1: Age profile of enrollment

Notes: This figure shows the age profile of school enrollment for children in the Young Lives Ethiopia
study. Source: Young Lives Ethiopia dataset (2002-2016).

Ethiopia experiences distinct seasonal patterns that significantly influence agricul-
tural production and weather-related risks. The country’s climate is characterized by
three main seasons: Bega (dry season, October—January) with minimal rainfall; Belg
(short rainy season, February—May) providing supplementary rainfall for early plant-
ing; and Kiremt (primary rainy season, June-September), delivering 50-95 percent

of annual precipitation and producing approximately 85 to 95 percent of food crops
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(Asfaw et al., 2018).

Figure 5 illustrates the alignment of Ethiopia’s academic calendar with seasonal
rainfall and temperature patterns. The figure demonstrates how the country’s ed-
ucation system, operating from September to July, intersects with distinct seasonal
variations in precipitation and temperature. The two academic semesters are clearly
marked: Semester 1 runs from September through December, coinciding with the tran-
sition from the primary rainy season (Kiremt) to the dry season (Bega), while Semester
2 spans January through June, covering the dry season and the short rainy season
(Belg). This seasonal alignment has important implications for educational access,
particularly regarding transportation infrastructure and commuting conditions that

affect children’s ability to attend school regularly.

Travel time to school is measured in minutes and captures the duration it takes
for children to commute from their home to their educational institution. This vari-
able is crucial for understanding the transportation mechanism through which drought
conditions may affect educational access. The data is collected through surveys ask-
ing households about the typical time required for children to reach school, providing
insights into commuting barriers that may vary with weather conditions and infras-

tructure accessibility.

3.3 Child labor in Ethiopia

Child labor in Ethiopia is a pressing issue, with children being exposed to some of
the most deplorable forms of exploitation. According to the 2021 report from the
US Department of Labor, a distressing 25.3 percent of children between the ages of
5 and 14 in Ethiopia were found to be engaged in child labor. Moreover, children
are often made to undertake perilous tasks, such as those associated with traditional
weaving. Unfortunately, Ethiopian legislation does not mandate free basic education
or establish a compulsory age for education, leaving children at risk of falling into these
exploitative practices. Furthermore, the existing social programs designed to combat
child labor have not adequately focused on sectors where child labor is prevalent,

notably agriculture and domestic work.

According to the same report, a staggering 76 percent of child laborers are involved
in agriculture, while 21 percent work in the service sector. The range of activities these

children are compelled to undertake is deeply troubling and includes tasks such as
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planting and harvesting crops like coffee, khat, and sesame, herding livestock (including
cattle), and fishing. In the service sector, children are often subjected to domestic work,
unpaid household chores such as carrying heavy loads of water and firewood, as well as
street-based jobs like shoe shining, weight measurement, assisting taxi drivers, vending,

portering, and even begging.

Child Labor Measurement in Young Lives: Given this institutional context,
measuring child labor accurately is crucial for understanding its prevalence and pat-
terns. In the Young Lives survey, data on children’s work activities aged 5 to 17 years is
collected through interviews and questionnaires conducted with parents or guardians.
The survey asks the amount of time (in hours) a child spends on eight activities dur-
ing a typical day, where a typical day is defined as a weekday or normal school day,

excluding holidays, festivals, and days of rest during the weekend.

The surveys inquire about the type of work children are involved in, the number
of hours they spend working, and whether the work is paid or unpaid. I define child
labor as the number of hours children spend on running household chores, working
on household tasks, and working outside the household on paid activities. Running
household chores includes work or tasks done to help at home such as fetching water,
firewood, cleaning, cooking, washing, shopping and so on; excludes caring for others.
Working on household tasks includes the amount of work inside the household that
generates income, including farming, cattle herding, shepherding, and other family
business. Working outside the household on paid activities includes the amount of

time doing paid work including travel time to and from work.

The data reveals concerning patterns consistent with the national statistics. From
age 7, children are engaged in child labor for approximately 4 to 5 hours per day, as

shown in Figure 2.

3.4 Cognition

In the Young Lives study in Ethiopia, cognitive abilities are assessed using three pri-
mary measures to capture the breadth of cognitive development among children. The
first measure is the Peabody Picture Vocabulary Test (PPVT), which evaluates re-
ceptive vocabulary skills and verbal reasoning abilities by requiring children to match
words with corresponding pictures, serving as an indicator of verbal intelligence and

language development. The second measure is the mathematics score, derived from
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Figure 2: Average Time Allocation of Children in Ethiopia

Notes: This figure shows the time allocation patterns of children across different activities in Ethiopia
based on the Young Lives dataset. The allocation includes time spent on education, child labor
(household chores, domestic tasks, and paid work), leisure activities, and other daily activities. The
Young Lives child’s time-allocation information was collected from Round 2 to Round 5 in all countries
under the ’time use’ section of the questionnaire. The section asks the amount of time (in hours) a
child spends on eight activities during a typical day, where a typical day is defined as a weekday or a
normal school day, excluding holidays, festivals, days of rest during the weekend, and so on. Source:
Young Lives Ethiopia dataset (2002-2016).

assessments that test the child’s understanding of basic mathematical concepts, nu-
merical operations, and problem-solving skills, reflecting their quantitative reasoning
abilities. Lastly, the reading score is determined through tests that measure the abil-
ity to recognize letters, read words and sentences, and understand written passages,
indicating the child’s proficiency in reading and comprehension. Since only Math and
PPVT are measured for four rounds while reading is only measured in the last two

rounds, I primarily use Math and PPVT as my cognition measures.
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3.5 Drought Measurement: Standardised Precipitation Index

Construction

To systematically quantify drought conditions experienced by Young Lives communities
in Ethiopia, this study employs the Standardised Precipitation Index (SPI) method-
ology following McQuade and Favara (2024) to construct the standardised precipita-
tion index. The SPI expresses each month’s precipitation as the number of standard
deviations from the long-run, location-specific mean, after adjusting for the skewed

distribution of rainfall.

Data Sources and Community-Level Precipitation Series Monthly precipi-
tation data for Young Lives communities are obtained from McQuade and Favara
(2024), who extract location-specific rainfall series from the University of Delaware
global gridded climate dataset. This dataset provides monthly precipitation estimates
at 0.5° spatial resolution spanning 1901-2017, with community-specific series derived

using precise GPS coordinates of each Young Lives village center.

Statistical Distribution Modeling Following McKee et al. (1993) and McQuade
and Favara (2024), monthly precipitation totals are modeled using a two-parameter
gamma distribution, which is particularly suitable for non-negative, right-skewed rain-

fall data. For precipitation x > 0, the probability density function is specified as:

a—le—x/ﬁ

g, B) =

2

BT (a)

where @ > 0 is the shape parameter, 8 > 0 the scale parameter, and I'(a) the gamma
function. Parameters (&, ) are estimated by maximum likelihood. In cases where

convergence fails, we use Thom’s (1958) moment-based approximation:

1 v 1 X
A=In@) - = > In(x), &:H(“‘/“%A)’ B=
n
i=1

with X denoting the sample mean over n observations.

b

Q| =i

Treatment of Zero Precipitation Values Because months with zero rainfall are

common, [ employ a mixed distribution that incorporates the empirical probability of
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7ero precipitation:
H(x)=q+(1-¢9)Gx),

where ¢ = P(x = 0) and G(x) is the cumulative distribution function (CDF) of the

fitted gamma distribution.

Standardization to Normal Distribution The cumulative probability H(x) is
transformed into a standard normal variate Z using the Abramowitz—Stegun approxi-
mation (Abramowitz and Stegun, 1964). Define

14@), 0 < H(x) < 0.5,

ln( 1 ) 0.5 < H(x) <1,
and constants

co = 2.515517, ¢1 =0.802853, ¢2=0.010328, dj =1.432788, ds =0.189269, d3=0.001308.

Then
C()+C1t+cgl‘2
SPI = _(t N 1+d1t+d212+d313)’ 0< H(.X) < 05’
2
(r — —Soralreall ' 05 < H(x) < 1.

1+dqt+dot?+d3t3

Drought Classification and Data Integration The procedure is implemented in
Stata by defining an SPI program and applying it separately to each (COMMID, MONTH)
group using the user-written command runby. This produces an approximately stan-
dard normal SPI time series for each village-month observation. Negative SPI values in-
dicate drier-than-normal conditions, while positive values indicate wetter-than-normal

conditions.

Following McKee et al. (1993); Lloyd-Hughes and Saunders (2002); McQuade and
Favara (2024), drought severity categories are defined based on SPI thresholds: mod-
erate drought corresponds to SPI < —1.0, severe drought to SPI < —1.5, and extreme
drought to SPI < —2.0. These standardized thresholds allow for consistent drought
identification across different villages and time periods, accounting for local precip-
itation patterns and seasonality. The resulting drought indicators are subsequently
merged with the Young Lives dataset using temporal and geographic identifiers to

create binary drought exposure variables for each survey round.
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4 Empirical results

This section presents empirical evidence on how rainfall variation affects children’s
educational outcomes in Ethiopia through transportation infrastructure mechanisms.
The analysis proceeds in four stages: First, I examine nonlinear rainfall relationships
and infrastructure moderation effects. Second, I test robustness by distinguishing
school-term from break-term rainfall impacts. Third, I employ an event study design
exploiting quasi-random weather transitions. Fourth, I examine drought effects and
alternative mechanisms. These findings provide both reduced-form evidence for the
transportation channel and identification variation for structural estimation of the

cognition production function.

4.1 Nonlinear Impact of Rainfall and Road Infrastructure

I begin the empirical analysis by systematically examining the relationship between
precipitation deviations and children’s educational outcomes. By analyzing the full
spectrum of rainfall variation—from drought to excessive precipitation—I provide foun-
dational evidence for the transportation mechanism that underlies the main results

presented in subsequent sections.

This analysis is crucial for several interconnected reasons. First, it demonstrates
how road infrastructure moderates the relationship between weather shocks and educa-
tional access, providing direct evidence that commuting costs vary systematically with
rainfall patterns. This nonlinear analysis provides essential inputs for the structural
estimation of the cognition production function presented later, as it identifies the key
relationships between weather, commuting time, and educational outcomes that inform

the structural model’s parameters.

To construct the nonlinear relationships shown in Figure 3, I estimate separate
quadratic regressions for communities where schools are accessible via gravel roads
versus dirt roads, while controlling for individual fixed effects and village fixed effects.

The specification is:

Yict = a+ﬁ1Rct+ﬁ2R?;+9i+7c+8ict (1)

where Y;., represents the outcome variable (enrollment, travel time, or test scores),

R is the school-term rainfall deviation from long-term village-month specific means,
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0; represents child fixed effects, y. represents community fixed effects, and g;.; is the
error term clustered at the child level. The predicted values from these regressions are
plotted over the range of observed rainfall deviations, with separate curves for each
road infrastructure type and 95% confidence intervals computed using the margins

command.

Figure 3 reveals three key patterns that support the transportation mechanism.
First, Panel A shows that school enrollment is nonlinear with rainfall deviations from
the long-term average. Large deviations from average rainfall reduce enrollment, but
the impact of excessive rain on reduced enrollment is much smaller when roads to

school are gravel rather than dirt roads.
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(a) Panel A: School Enrollment

Nonlinear Effect: School-time Rainfall on Enrolment
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Figure 3: Nonlinear Relationship Between Rainfall and Educational Outcomes by Road
Infrastructure

Notes: Red lines: communities where schools are connected by dirt roads. Blue lines: communities
where schools are connected by gravel roads. Shaded areas: 95% confidence intervals. The curves
are estimated using separate quadratic regressions for each road type, where travel time to school
is regressed on linear and quadratic terms of school-term rainfall deviations and break-term rainfall
deviations, controlling for child and community ﬁ)?é% effects with standard errors clustered at the child
level. Source: Young Lives Ethiopia dataset (2002-2016) and University of Delaware climate data.



Second, Panel B demonstrates that when rainfall deviates from the mean, travel
time to school increases significantly when roads to school are dirt, while travel time
remains largely unaffected if roads to school are gravel. This nonlinearity explains why
our drought analysis—which focuses on below-normal rainfall periods—finds positive
educational effects, as these periods correspond to the lower, more stable portion of the
travel time curve. This pattern supports our finding that drought can improve educa-
tional outcomes through the transportation channel, as communities where schools are
connected by gravel roads maintain more stable cognitive performance across differ-
ent rainfall conditions, further emphasizing how infrastructure quality buffers against

weather-induced educational disruptions.

Third, Panel C reveals that when rainfall is around the mean, there is no statistical
difference in math cognition among children in villages where roads to school are dirt
or gravel. However, when rainfall deviates from the mean, the gap in cognition widens,

with villages with gravel roads having significantly better cognition outcomes.

The confidence intervals illustrate the precision of these estimates, showing that
the differential effects by road quality are statistically significant, particularly during
periods of above-normal rainfall. This infrastructure-dependent relationship provides
compelling evidence that transportation costs represent a key channel through which

weather conditions affect educational access and outcomes in Ethiopia.

4.2 Alternative Mechanisms

To rule out alternative explanations for our findings, I examine whether the observed
effects operate through changes in child labor patterns rather than the proposed trans-
portation mechanism. If rainfall shocks primarily affected educational outcomes by al-
tering the opportunity cost of schooling through child labor demand, we would expect
to observe systematic differences in children’s work activities that vary with rainfall

patterns and road infrastructure quality.

Figure 4 presents nonlinear relationships between school-term rainfall and two
key dimensions of child labor: paid work outside the home (Panel A) and unpaid
household chores (Panel B). The analysis follows the same methodology as the main
results, estimating separate quadratic regressions for communities where schools are
accessible via gravel roads versus dirt roads, controlling for individual and village fixed

effects.
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(a) Panel A: Hours in Paid Work Outside Home

Nonlinear Effect of School-time Rainfall on Paid Work
By Road Infrastructure
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(b) Panel B: Hours in Unpaid Home Chores
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Figure 4: Nonlinear Relationship Between Rainfall and Child Labor by Road Infras-
tructure

Notes: Red lines: communities where schools are connected by dirt roads. Blue lines: communities
where schools are connected by gravel roads. Shaded areas: 95% confidence intervals. The curves are
estimated using separate quadratic regressions for each road type, controlling for child and community
fixed effects with standard errors clustered at the child level. Source: Young Lives Ethiopia dataset
(2002-2016) and University of Delaware climate data.

Both panels reveal that child labor hours are relatively inelastic to rainfall varia-
tions, with confidence intervals overlapping across the full range of rainfall deviations.
Crucially, there are no systematic differences in child labor patterns between com-
munities where schools are connected by dirt roads versus gravel roads, contrasting
sharply with the pronounced infrastructure-dependent effects observed for educational

outcomes.
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This evidence supports the transportation cost mechanism as the primary channel
through which rainfall affects educational access and cognitive development. The lack
of differential child labor responses by road infrastructure quality suggests that our
main findings are not driven by changes in the opportunity cost of schooling through
altered labor market conditions, but rather through direct effects on school accessibil-
ity and commuting costs. In the Ethiopian context, these results suggest that road
infrastructure and commuting costs appear to be more important determinants of ed-

ucational outcomes than child labor demand responses to rainfall shocks.

4.3 School-term vs. Break-term Rainfall Effects

In Ethiopia, the July-August Kiremt rains play a critical role in sustaining agriculture,
which remains the backbone of the economy and the primary livelihood for the majority
of the population. Since around 80-85% of Ethiopians depend on rain-fed farming, the
arrival and reliability of these rains largely determine the success of the agricultural
year. The Kiremt season provides the bulk of the water needed for the Meher cropping
cycle, which is the country’s main harvest and the foundation of national food security.
During this period, farmers cultivate staple crops such as teff, maize, wheat, and
barley—grains that not only feed households across the country but also contribute
to rural incomes and local markets. A strong and timely Kiremt rainfall can therefore
ensure abundant harvests, while delays, shortages, or erratic rainfall patterns often
translate into reduced yields, food shortages, and increased vulnerability for millions
of people. In this way, the rains of July and August are not just seasonal weather

events but essential lifelines for Ethiopia’s agricultural system and overall well-being.

The distinction between school-term and break-term rainfall effects is crucial for
understanding the transportation mechanism. FEthiopia’s academic calendar, which
runs from September to July, intersects with distinct seasonal rainfall patterns that

have important implications for educational access and commuting conditions.
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Rainfall and Temperature with Ethiopian School Calendar
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Figure 5: Rainfall and Temperature Patterns with Ethiopian School Calendar

Notes: This figure shows the monthly patterns of precipitation and temperature in Ethiopia overlaid
with the academic calendar. Semester 1 (September-December) is highlighted in green, corresponding
to the transition from the rainy season to the dry season. Semester 2 (February-June) is highlighted
in blue, covering the dry season and short rainy season. The dual y-axis shows precipitation in mm
(left axis) and temperature in °C (right axis). Error bars represent 95% confidence intervals. Source:

University of Delaware climate data and Ethiopian Ministry of Education academic calendar.

As shown in Figure 5, the two academic semesters are clearly marked: Semester 1
runs from September through December, coinciding with the transition from the pri-
mary rainy season (Kiremt) to the dry season (Bega), while Semester 2 spans January
through June, covering the dry season and the short rainy season (Belg). This seasonal
alignment provides a natural framework for testing whether rainfall effects on educa-

tional outcomes operate specifically through school-term transportation disruptions.

To provide additional empirical support for the transportation mechanism, Ta-
ble 2 presents fixed-effects regression results examining how rainfall deviations from
long-term means affect commuting time to school, differentiated by road infrastructure
quality. This analysis tests whether rainfall anomalies during school term time specif-
ically affect commuting, while also investigating heterogeneous effects by road quality.
The results demonstrate that positive school-term rainfall deviations significantly in-

crease travel time for both road types, but the magnitude of this effect is substantially
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Table 2: Effects of Rainfall Deviations on Commuting Time to School by Road Infras-
tructure Quality

Commuting Time to School (min)

No Gravel Roads Gravel Roads

School-term rainfall deviation 28.69** 10.04*
(4.76) (3.27)
[21.66,35.77] [4.32,15.92]
Break-term rainfall deviation 0.54 1.41%
(1.03) (0.78)
[-1.17,2.24] [0.23,2.59]
Constant 26.00%** 23.077*
(0.50) (0.38)
Observations 3,675 3,671
Number of children 1,195 1,197
R-squared (within) 0.023 0.013
Wild bootstrap replications 999 999

Notes: Fixed-effects regression results for commuting time to school by road infrastructure quality.
Coefficients, standard errors (in parentheses), and wild bootstrap 95% confidence intervals (in brack-
ets) are reported. * p < 0.1, ** p < 0.05, *** p < 0.01. Source: Young Lives Ethiopia dataset
(2002-2016) and University of Delaware climate data.

larger for communities where schools are connected by dirt roads. For communities
where schools are connected by dirt roads, a one-unit increase in school-term rainfall
deviation from the village-month specific long-term mean increases commuting time
by 28.7 minutes (95% CI: 21.66-35.77), while the effect is much smaller for communi-
ties where schools are connected by gravel roads at 10.0 minutes (95% CI: 4.32-15.92).
Break-term rainfall deviations show minimal effects on commuting time for communi-
ties where schools are connected by dirt roads and small but significant effects for those
where schools are connected by gravel roads (1.4 minutes, 95% CI: 0.23-2.59). These
differential effects by infrastructure quality provide strong evidence that transporta-
tion costs represent the primary mechanism through which weather conditions affect

educational access and outcomes.

4.4 The Effects of Excessive Rainfall (Event Study)

Some experienced excessive rainfall once (some in Round 1, some in Round 3) and
some never. This creates a natural “event” when a child experiences an excessive
rainfall year within an otherwise persistent drought environment. We treat the timing

of this excessive rainfall year as quasi-random after removing individual fixed effects,
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since SPI-defined droughts are driven by exogenous rainfall shocks. We then compare
changes in outcomes among children who experienced excessive rainfall later in Round
3, holding child fixed effects constant, while those who never experienced excessive
rainfall serve as the control group. This event-style design allows us to trace out the
dynamic response of outcomes before, during, and after the excessive rainfall shock,

while differencing out time-invariant heterogeneity at the child level.

To maintain a balanced panel for this analysis, I focus on children who appear in
all five survey rounds. The distribution of observations by number of rounds shows
that the vast majority of children (91.88 percent, or 13,030 observations) are present
in all five rounds, while smaller proportions appear in four rounds (5.75 percent), three
rounds (1.29 percent), two rounds (0.35 percent), or only one round (0.73 percent).
This high retention rate in the balanced panel ensures that my quasi-experimental
identification strategy can rely on consistent longitudinal tracking of the same children
across the full study period, strengthening the validity of my within-child comparisons

over time.

Within that balanced panel, the distribution of excessive rain exposure across
children reveals substantial variation that enables our quasi-experimental identification

strategy.

Table 3: Distribution of Excessive Rain Exposure in Balanced Panel

Number of Excessive Rainfall Frequency Percent Cumulative

1 1,218 46.74 58.14
0 1,091 41.86 100.00
Total 2,309 100.00

Notes: This table shows the distribution of children by the number of excessive rain years experienced
across the five survey rounds. The sample includes only children who appear in all five rounds of the
Young Lives survey (2002-2016). Excessive rain is defined as SPI > 1.0, indicating precipitation levels
that are at least one standard deviation above the long-term village-month specific mean.

Table 3 reveals several important patterns in excessive rain exposure that support
our identification strategy. Most notably, a substantial proportion of children (41.86
percent) have not experienced excessive rain in all five survey rounds, while 46.74

percent experience excessive rain in one out of five rounds.

Crucially for our empirical strategy, identification of excessive rain effects using
individual fixed effects relies exclusively on within-child variation in excessive rain
exposure across survey rounds. 652 children (67.29 percent) experienced their normal

rainfall year in Round 3. This temporal variation provides a natural experiment to
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identify the dynamic effects of weather transitions on child development outcomes.

Econometric Specification For each outcome variable Y;.;, I estimate the following

event study regression:

Econometric Specification For each outcome variable Y;.;, I estimate the following

event-study regression:

Yio =+ > Be- Ut =T; =k} + 5, + 0 + 8icr (2)
k#—1

where Y;; is the outcome of child i in community ¢ at survey round z. The indicator 1{¢—
T; = k} equals one when child i is observed k periods relative to the first round in which
they experience normal rainfall, with k& = —1 (the period just before) serving as the
omitted reference. The specification includes round fixed effects y; to capture aggregate
shocks and child fixed effects 6; to absorb time-invariant heterogeneity. Standard errors

are clustered at the community level to account for spatial correlation.

This event-time framework aligns children by the round in which they first experi-
ence normal rainfall. Children who never experience such a round form the comparison
group Athey and Imbens (2022); Sun and Abraham (2021). By tracing coefficients By
before, during, and after the event, we capture both immediate and persistent effects

of excessive rainfall on school enrolment.

Figure 6 presents the event study results across multiple domains of child develop-
ment and time allocation. The blue lines represent the control group (excessive rainfall
in Round 1), while the red dashed lines represent the treatment group (excessive rainfall
in Round 3). The vertical reference lines mark the timing of the excessive rainfall shock
for each group, allowing us to trace the dynamic response patterns before, during, and

after the rainfall event.
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Figure 6: Event Study: School Enrollment by Road Infrastructure

Notes: This figure shows the event study analysis of excessive rain effects on school enrollment, differ-
entiated by road infrastructure quality to schools. The red markers and confidence intervals represent
children from communities where schools are connected by dirt roads, while the blue markers repre-
sent children from communities where schools are connected by gravel roads. Event time is relative
to experiencing normal rainfall conditions, with the vertical gray line marking one period before the
normal rainfall event. The analysis demonstrates how transportation infrastructure moderates the
dynamic effects of normal rainfall on educational enrollment. Standard errors are clustered at the

community level. Source: Young Lives Ethiopia dataset (2002-2016).

The event study results reveal compelling evidence supporting the transportation
mechanism through which excessive rainfall affects child development outcomes. The
analysis demonstrates that children who experience normal rainfall in Round 3 show
distinct patterns compared to those who experience normal rainfall in Round 1, with

clear implications for educational access and child welfare.

The key finding from the event study analysis is that the timing of normal rain-
fall significantly affects children’s educational outcomes through transportation-related
mechanisms. When children experience relief from excessive rainfall conditions (tran-
sition to normal rainfall), this creates immediate improvements in school accessibility
that translate into sustained educational benefits over time. The divergent trajecto-
ries between treatment and control groups at their respective normal rainfall periods,
combined with the persistence of effects in subsequent rounds, provide strong evidence

for our identification strategy and demonstrate that excessive rainfall conditions have
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lasting effects on multiple dimensions of child development.

Importantly, the event study shows that these educational improvements occur
without substantial changes in child labor patterns, supporting the hypothesis that the
primary mechanism operates through transportation infrastructure rather than labor
market adjustments. This finding reinforces our main result: when roads become less
flooded and more passable during normal rainfall periods, children gain easier access to
schooling, leading to both immediate and longer-term improvements in human capital.
As shown in Table 1, many outcomes—such as time allocation, travel time to school,
and math test scores—are not measured in round 1, so we only observe a single pre-
period for these variables. Consequently, we cannot generate event-study plots to test

for pre-trends in these outcomes.

4.5 The Effects of Droughts

This section examines how drought conditions affect children’s educational and cogni-
tive outcomes in Ethiopia, providing crucial evidence for understanding the transporta-
tion mechanism through which weather shocks influence human capital development.
Using the Standardised Precipitation Index (SPI) to precisely measure drought sever-
ity, I analyze how different levels of drought conditions—moderate (SPI < -1.0), severe
(SPI < -1.5), and extreme (SPI < -2.0)—affect multiple dimensions of child develop-

ment.

The comprehensive analysis, presented in detail in Appendix A.1, reveals several

key findings that strongly support the transportation mechanism hypothesis:

Cognitive Development: Drought conditions significantly improve children’s
cognitive outcomes, with moderate drought associated with substantial improvements
in Math scores (1.27 points increase) and PPVT vocabulary scores (0.90 points in-
crease). These positive effects operate similarly for both boys and girls, suggesting
that improved transportation access during drought periods benefits all children re-

gardless of gender.

School Enrollment and Time Allocation: Drought conditions have positive
effects on school enrollment, with extreme drought showing the strongest effect (0.14
percentage point increase). Crucially, drought significantly reduces children’s commut-
ing time to school-—moderate drought reduces travel time by 21.12 minutes, severe

drought by 24.35 minutes, and extreme drought by 9.23 minutes. This reduction in
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commuting time translates into increased study time (0.38 hours per day during mod-
erate drought) and more time spent in school (2.44 additional hours during moderate
drought).

Alternative Mechanisms: Importantly, our analysis reveals that drought con-
ditions have no significant effects on children’s time allocation to child labor activities
(work, household chores, and domestic tasks) or on health outcomes including injury
rates and long-term health problems (detailed results in Appendix Table A11). This
finding is particularly noteworthy as it suggests that the positive educational and cogni-
tive effects of drought operate primarily through the transportation mechanism rather

than through reductions in competing activities or health improvements.

Heterogeneous Effects: The analysis examines differential effects across gender,
urban/rural location, and participation in Ethiopia’s Productive Safety Net Program
(PSNP). While the core transportation mechanism operates similarly across genders,
there are notable differences between urban and rural areas, reflecting different eco-
nomic structures and infrastructure quality. The PSNP analysis reveals limited dif-
ferential impacts across program participation status, suggesting that existing social
protection mechanisms may not fully buffer vulnerable households from climate-related

transportation disruptions.

These findings provide strong empirical support for the hypothesis that drought
improves educational outcomes by reducing road flooding and improving transportation
infrastructure accessibility. When children can reach school more easily and spend less
time commuting, they dedicate more time to educational activities, leading to higher
enrollment rates, better educational access, and improved cognitive development. The
detailed results and robustness checks supporting these conclusions are presented in
Appendix A.1.

5 Estimating the Cognition Production Function

with Commuting Fatigue
We now estimate a structural cognition production function that explicitly incorpo-
rates commuting costs as a source of fatigue. Building on the education production

literature, we assume that children’s cognitive achievement depends on two time inputs

— hours spent in school (hgcneor) and hours spent studying at home (Agyqy). In ad-
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dition, commuting time to school (Acommure) does not contribute directly to cognition

but instead lowers the effective productivity of learning through fatigue.

5.1 Functional form

We specify the following Cobb—Douglas cognition production function with commuting

fatigue:

C=A- h’fchool . hg[tudy . eXp(‘i"yhcommule)’ (3)

where C denotes cognition outcomes (measured by standardized math test scores), A
is total factor productivity, @ and g8 capture the elasticities of study time and school
time, respectively, and y measures the fatigue impact of commuting. Our hypothesis is
that longer commuting times reduce the efficiency of learning by draining energy and

limiting concentration. We will let the data determine the sign and magnitude of 7.

5.2 Identification Strategy

if you want to separate the commute-efficiency channel from the time budget channel,
you need instruments that move commuting independently of home study. That almost
always comes from school, road, and transport data. School and study time may be en-
dogenous, as families’ time allocation decisions are jointly determined with unobserved
factors that also influence cognition. Similarly, commuting time is endogenous, since
families may choose schools based on child ability. To address this, we instrument for
hstudy and heommuse USing exogenous variation in local road infrastructure and weather

shocks. Specifically, we employ:

e Road quality indicators (e.g., gravel vs. asphalt access roads),
e Long-run average school rainfall and rainfall volatility,
e Drought exposure,

e Interactions between rainfall and road type.

These instruments shift commuting costs and household incentives for study without

directly affecting cognition other than through the time allocation channels.

We estimate the model using nonlinear Generalized Method of Moments (GMM)

with robust standard errors clustered at the child level.
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5.3 Results

Table 4 reports the GMM estimates. The coefficient on study time (@) is positive and
statistically significant: a 1% increase in study time raises math test scores by about
0.37%. The elasticity of school time (B) is also significant at 0.52. Most importantly,
the commuting coefficient () is negative and large: each additional hour of commuting
reduces cognitive achievement by 1.85 standard deviations. These findings support the

hypothesis that long commutes impose fatigue costs that undermine learning efficiency.

Table 4: GMM Estimates of the Cognition Production Function with Commuting
Fatigue

Coeflicient Std. Error z-statistic

@ (elasticity of study time)  0.374*** 0.104 3.61
B (elasticity of school time)  0.525%** 0.155 3.39
¥ (commuting fatigue) -0.334%* 0.164 -2.04
Observations 1,755

Weighting Robust GMM (clustered by child)
Wald x?2(3) 78.64  (p =0.000)

Notes: Standard errors clustered at the child level. *** p < 0.01.

5.4 Discussion

The results highlight commuting as a quantitatively important channel through which
climate shocks and infrastructure constraints affect learning. While both school and
study time contribute to cognition, commuting time has a large negative impact that
offsets much of these gains. This suggests that investments in school access and trans-
portation infrastructure may yield significant human capital returns by reducing fatigue

and freeing up time for study.

6 Conclusion

This study examines how rainfall variation affects children’s educational outcomes in
Ethiopia through a novel transportation mechanism. Using longitudinal data from the

Young Lives survey spanning 2002-2016, I document that moderate drought conditions
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can actually improve educational outcomes by reducing commuting barriers to school,

while excessive rainfall creates transportation disruptions that harm educational access.

The key findings demonstrate the critical role of infrastructure quality in mediating
weather effects on education. When rainfall exceeds normal levels, commuting time
to school increases substantially for children in communities where schools are con-
nected by dirt roads (28.7 minutes per unit deviation), but only marginally for those
with gravel road access (10.0 minutes). This infrastructure-dependent response creates
significant gaps in cognitive outcomes, with children in better-connected communities

maintaining stable educational performance across weather conditions.

The analysis reveals that moderate drought conditions significantly increase math
cognition by 1.28 standard deviations, boost school enrollment by 0.37 percentage
points, and increase study time by 0.38 hours per day. Crucially, these positive effects
coincide with reduced travel time to school (21.11 minutes), suggesting that improved
road conditions during dry periods facilitate better educational access. These trans-
portation benefits represent a novel pathway through which climate conditions affect
human capital formation, distinct from the agricultural wage and child labor mecha-

nisms emphasized in previous literature.

Event study analysis using quasi-random variation in drought timing provides
causal evidence for the transportation channel. Children experiencing excessive rainfall
show immediate decreases in school attendance, while child labor patterns remain
unchanged. This supports the conclusion that transportation costs, rather than labor
market adjustments, drive the observed educational effects in Ethiopia’s context where

child labor rates are already high.

The study also reveals important policy gaps in Ethiopia’s social protection system.
Neither the Productive Safety Net Program’s public works component nor its direct
support transfers effectively moderate drought impacts on children’s educational out-
comes. This suggests that existing social protection mechanisms inadequately address
transportation and infrastructure challenges, focusing instead on income support while

leaving commuting barriers unaddressed.

These findings have important implications for climate adaptation policy in de-
veloping countries. As extreme weather events become more frequent under climate
change, investing in transportation infrastructure—particularly all-weather roads con-
necting schools—may be as important as traditional educational interventions for pro-

tecting human capital development. The results underscore that infrastructure re-
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silience should be central to climate adaptation strategies, particularly in rural areas

where children face substantial commuting barriers to educational access.

Future research should explore how different types of infrastructure investments
interact with climate variability to affect child development outcomes, and examine
whether similar transportation mechanisms operate in other developing country con-

texts with comparable infrastructure constraints.
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A Appendix

A.1 Detailed Drought Effects Analysis

This appendix presents the detailed empirical analysis of drought effects on children’s
educational, cognitive, and behavioral outcomes in Ethiopia. Using the Standardised
Precipitation Index (SPI) to precisely measure drought severity, this analysis examines
how different levels of drought conditions—moderate (SPI < -1.0), severe (SPI < -1.5),
and extreme (SPI < -2.0)—affect multiple dimensions of child development. The anal-
ysis proceeds as follows: I first examine drought effects on cognitive development, then
school enrollment patterns, followed by detailed time allocation analysis across different
activities. I subsequently investigate health outcomes and conclude with heterogeneous
effects by gender, urban versus rural contexts, and policy interactions with Ethiopia’s
direct support programs, providing comprehensive insights into how different groups

respond to drought conditions under varying institutional settings.
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A.1.1 Drought Effects on Cognition

Appendix Table A1: Effects of Drought on Cognitive Outcomes: Overall and by Gender

Panel A: Math Scores

All Boys Girls
1) (2 3) ) (5) (6) (7 (®) )
Moderate drought (SPI < -1.0)  1.27** 1.26™** 1.28"*
(0.01) (0.01) (0.13)
Severe drought (SPI < -1.5) 1.26™* 1.19"* 1.32"*
(0.11) (0.12) (0.11)
Extreme drought (SPI < -2.0) 0.51 0.50 0.52
(0.31) (0.30) (0.33)
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 6572 6572 6572 3414 3414 3414 3158 3158 3158
Panel B: PPVT Scores
All Boys Girls
1 (2 3) ) (5) (6) (7 (®) 9)
Moderate drought (SPI < -1.0)  0.90*** 1.027** 0.76*
(0.01) (0.02) (0.23)
Severe drought (SPI < -1.5) 0.45 0.46 0.44
(0.48) (0.55) (0.38)
Extreme drought (SPI < -2.0) 0.27 0.26 0.30
(0.51) (0.49) (0.54)
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 7088 7088 7088 3761 3761 3761 3327 3327 3327

Notes: This table shows regression results examining the effects of drought on cognitive outcomes
for all children and by gender. Panel A presents results for Math scores and Panel B presents results
for PPVT scores. Columns (1)-(3) present results for all children, columns (4)-(6) present results for
boys, and columns (7)-(9) present results for girls. The regression includes individual fixed effects.
Standard errors are clustered at the village level and reported in parentheses. * p < 0.1, ** p < 0.05,
**x p <0.01

Table A1 demonstrates that drought conditions have significant effects on children’s
cognitive development across both Math and PPVT outcomes. The overall results
show that moderate drought conditions (SPI < -1.0) are associated with substantial
improvements in Math scores, with an increase of 1.27 points, and improvements in
PPVT vocabulary scores of 0.90 points. However, the effects become less pronounced or
statistically insignificant as drought severity increases to severe (SPI < -1.5) or extreme
(SPI < -2.0) levels. The gender-specific results reveal interesting patterns: boys show
very similar effects to the overall sample for both Math and PPVT outcomes across
all drought severity levels. For girls, the Math effects appear similar in magnitude but

with larger standard errors, particularly for moderate drought conditions, while PPVT
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effects are somewhat smaller than for boys. These findings suggest that drought’s posi-
tive cognitive effects operate similarly for both genders, supporting the hypothesis that
improved transportation access during drought periods benefits all children regardless

of gender.

A.1.2 Drought Effects on School Enrollment and Time Allocation

Table A2 presents the comprehensive effects of different drought severity levels on
school enrollment and time allocation for all children and by gender. Panel A shows
that drought has positive effects on enrollment, with moderate drought (SPI < -1.0)
increasing enrollment probability by 0.37 percentage points. As drought severity in-
creases, the effects become more precisely estimated: severe drought (SPI < -1.5)
increases enrollment by 0.24 percentage points, while extreme drought (SPI < -2.0)
shows the strongest and most statistically significant effect with an increase of 0.14

percentage points.

Panel B examines how drought conditions affect children’s commuting time to
school, providing crucial insights into the transportation mechanism. The results show
that drought conditions are significantly associated with reduced travel time to school:
moderate drought reduces commuting time by 21.12 minutes, severe drought by 24.35

minutes, and extreme drought by 9.23 minutes.

Panels C and D examine time allocation to educational activities. Panel C shows
that moderate drought significantly increases study time by 0.38 hours per day for
all children, with boys showing a larger increase (0.48 hours) compared to girls (0.18
hours). Panel D demonstrates that drought conditions also increase time spent in
school, with moderate drought leading to 2.44 additional hours of school time, though
this effect is more pronounced for boys (2.60 hours) than girls (2.25 hours).

The gender-specific results across all panels reveal that boys and girls respond simi-
larly to drought conditions, with no significant differential effects by gender, suggesting
the transportation mechanism operates equally regardless of gender. These findings
support the transportation mechanism hypothesis, suggesting that when drought re-
duces road flooding and improves transportation infrastructure accessibility, children
can reach school more easily, spend less time commuting, and dedicate more time to
educational activities, which translates into higher enrollment rates and better educa-

tional access.
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Appendix Table A2: Effects of Drought on School Enrollment and Time Allocation:

Overall and by Gender

Panel A: School Enrollment

All Boys Girls
(1) (2) () (4) () (6) (7) (8) 9)
Moderate drought (SPI < -1.0) 0.37* 0.38** 0.36
(0.19) (0.16) (0.22)
Severe drought (SPI < -1.5) 0.23%* 0.21* 0.25%*
(0.11) (0.10) (0.11)
Extreme drought (SPI < -2.0) 0.14** 0.14%* 0.13%*
(0.05) (0.05) (0.05)
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 11419 11419 11419 6003 6003 6003 5416 5416 5416
Panel B: Travel Time to School (minutes)
All Boys Girls
1 (2) ®3) (4) (5) (6) (7) (8) 9)
Moderate drought (SPI < -1.0) -21.12%** -21.12%%% -15.28%%*
(0.01) (0.01) (3.08)
Severe drought (SPI < -1.5) -24.35%** -24.92%%* -23.76%**
(7.89) (8.13) (3.02)
Extreme drought (SPI < -2.0) -9.23* -9.24% -9.21*
(4.47) (4.57) (4.49)
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 8229 8229 8229 4267 4267 4267 3962 3962 3962
Panel C: Study Time (hours per day)
All Boys Girls
(1) 2) 3) 4) () (6) (7) (8) 9)
Moderate drought (SPI < -1.0)  0.38%** 0.48%** 0.18%#*
(0.00) (0.00) (0.009)
Severe drought (SPI < -1.5) 0.27#* 0.31%%* 0.247%%*
(0.06) (0.08) (0.05)
Extreme drought (SPI < -2.0) 0.24 0.28* 0.19
(0.16) (0.16) (0.16)
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 8154 8154 8154 4286 4286 4286 3868 3868 3868
Panel D: School Time (hours per day)
All Boys Girls
wo e e w6 ® o ®
Moderate drought (SPI < -1.0) 2.44 2.60* 2.25
(1.61) (1.41) (1.85)
Severe drought (SPI < -1.5) 1.28* 1.29%* 1.27
(0.75) (0.72) (0.80)
Extreme drought (SPI < -2.0) 0.87** 0.92%* 0.81%*
(0.36) (0.37) (0.36)
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
N 11009 11009 11009 5782 5782 5782 5227 5227 5227

Notes: This table shows regression results examining the effects of drought on school enrollment and
time allocation for all children and by gender. Panel A presents results for school enrollment, Panel B
for travel time to school (in minutes), Panel C for study time (hours per day), and Panel D for school
time (hours per day). Columns (1)-(3) present results for all children, columns (4)-(6) present results
for boys, and columns (7)-(9) present results for girls. The regression includes individual fixed effects.
Standard errors are clustered at the village level and reported in parentheses. * p < 0.1, ** p < 0.05,

< 0.01
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Understanding drought’s impact on health outcomes is particularly important be-
cause, as shown by Attanasio et al. (2020c) using Young Lives data in India, human
capital has two relevant dimensions that may reinforce each other in development: cog-
nition and health. Following Cunha et al. (2010) and Attanasio et al. (2020c), child
development can be expressed as H, = H (6<, "), where cognition (65) and health (6%)
evolve through dynamic production functions that allow for complementarity between
these dimensions. However, our results reveal that drought has minimal effects on
health outcomes, suggesting this potential source of reinforcement between health and

cognitive development is less of a concern in our Ethiopian context.

As shown in Table A2, moderate drought significantly increases study time by 0.38
hours and school attendance time, indicating that drought conditions may facilitate
greater educational engagement. Importantly, our analysis of time allocation to child
labor activities (work, household chores, and domestic tasks) and health outcomes
(injury rates and health problems) shows no significant effects of drought conditions
(detailed results are presented in Appendix Table A11). This finding suggests that
drought conditions may lead to changes in children’s activity patterns that reduce

exposure to injury risks, but the effects are not statistically significant.

A.1.3 Heterogeneous Effects of Drought by Gender

This subsection examines the differential effects of drought across gender, providing
insights into how boys and girls respond differently to drought conditions across various
outcomes including cognitive development, educational enrollment, time allocation,

and health.

Importantly, our analysis reveals that drought conditions have no significant effects
on children’s time allocation to child labor activities (work, household chores, and
domestic tasks) or on health outcomes including injury rates and long-term health
problems (detailed results are presented in Appendix Table A11l). This finding is
particularly noteworthy as it suggests that the positive educational and cognitive effects
of drought operate through transportation mechanisms rather than through reductions

in competing activities or health improvements.

Tables A1 and A2 reveal important heterogeneous effects of drought conditions
across multiple domains of child development. Table A1 demonstrates that drought

impacts on cognitive outcomes operate similarly for boys and girls, with both groups
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showing substantial improvements in Math and PPVT scores during moderate drought
conditions. The gender-specific patterns show boys have very similar effects to the
overall sample, while girls show comparable magnitudes but with somewhat larger
standard errors. The enrollment and time allocation results in Table A2 show that
boys and girls respond similarly to drought conditions, with no significant differential
effects by gender, suggesting the transportation mechanism operates equally regardless

of gender.

As discussed above and detailed in Appendix Table A11, drought conditions show
no significant effects on children’s time allocation to child labor activities or health
outcomes. The appendix table reveals that while there are some gender-specific pat-
terns in the point estimates, none of the effects on work activities, household chores,
domestic tasks, injury rates, or health problems reach statistical significance across
any drought severity level. These null findings are important as they demonstrate that
the positive educational and cognitive effects of drought operate primarily through the
transportation mechanism rather than through reductions in competing activities or

health improvements.

These results demonstrate that drought impacts show interesting patterns across
gender dimensions. While cognition, enrollment, and commuting effects operate sim-
ilarly for boys and girls (supporting the transportation mechanism hypothesis), time
allocation patterns and health outcomes exhibit more substantial gender differences.
The similarity in cognitive, enrollment, and transportation effects suggests that the
core mechanisms through which drought influences child development—particularly
through improved transportation access—operate equally regardless of gender. How-
ever, the differential patterns in time allocation and health outcomes indicate that
cultural norms, household responsibilities, and safety considerations may still create
gender-specific responses in some domains. Understanding these nuanced patterns
is crucial for designing targeted policy interventions that address both the common

mechanisms and the gender-specific vulnerabilities during drought periods.

A.1.4 Heterogeneous Effects of Drought by Urban/Rural Location

This subsection examines the differential effects of drought across urban and rural ar-
eas, providing insights into how children in different geographic settings respond to
drought conditions across various outcomes including cognitive development, educa-

tional enrollment, time allocation, and transportation.
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Appendix Table A3: Urban/Rural-Specific Effects of Drought on Cognitive Outcomes

Math PPVT(vocabulary)
v @ B w6 ®
Moderate drought -0.21 0.26
(0.55) (0.28)
Rural - Moderate drought  1.49* 0.64*
(0.55) (0.29)
Severe drought 0.59** -0.32"
(0.02) (0.06)
Rural - Severe drought 0.74* 1.19**
(0.03) (0.08)
Extreme drought 0.24 0.64
(0.58) (0.93)
Rural - Extreme drought 0.36 -0.64
(0.68) (1.06)
Rural area -1.47  -0.70  -0.38 -1.31™" -1.86"" -0.38
(0.01)  (0.52) (0.64) (0.27) (0.54)  (0.81)
N 6572 6572 6572 7088 7088 7088

Standard errors in parentheses
*p <01, p<0.05 "™ p <0.01

Notes: This table shows regression results examining the differential effects of drought on cognitive
outcomes by urban/rural location. Panel A presents results for urban areas and Panel B presents
results for rural areas. The regression includes individual fixed effects. Standard errors are clustered

at the village level and reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01
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Appendix Table A4: Urban/Rural-Specific Effects of Drought on Study Time and
Travel Time to School

Study time (hours per day) Travel time to school (minutes)

(1) (2) (3) (4) () (6)

Moderate drought 0.47 -16.54***
(0.34) (2.07)
Rural - Moderate drought  -0.09 -4.65™
(0.35) (2.14)
Severe drought 0.12* -4.20™
(0.05) (0.50)
Rural - Severe drought 0.17* -22.67
(0.08) (8.32)
Extreme drought 0.36 -1.76
(0.40) (1.82)
Rural - Extreme drought -0.17 -11.19
(0.42) (6.55)
Rural area -0.37*  -0.62* -0.43 2.74 19.42* 8.19
(0.01)  (0.30) (0.36) (2.00) (8.82) (6.34)
Individual FE Yes Yes Yes Yes Yes Yes
N 8154 8154 8154 8229 8229 8229

Notes: This table shows regression results examining the differential effects of drought on time
allocated to studying (hours per day) and travel time to school (minutes) by urban/rural location.
Columns (1)-(3) present results for study time and columns (4)-(6) present results for travel time to
school. The regression includes individual fixed effects. Standard errors are clustered at the village
level and reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01

Tables A3 and A4 reveal important heterogeneous effects of drought conditions
across urban and rural contexts. Table A3 demonstrates that drought impacts on
cognitive outcomes vary significantly between urban and rural areas, with differential

effects on both Math and PPVT scores across different drought severity levels.

The time allocation and transportation patterns also exhibit substantial urban-
rural differences. Table A4 shows how drought affects both study time and travel time
to school differently in urban versus rural settings, reflecting the different economic
structures, infrastructure, and agricultural dependencies between these areas. The dif-
ferential effects on both time allocation and transportation are particularly important
given the different infrastructure quality and transportation options available in each

setting.
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These results demonstrate that drought impacts vary significantly between urban
and rural areas, with differential effects on cognitive outcomes, educational enrollment,
time allocation patterns, and transportation costs. Understanding these geographic
differences is crucial for designing location-specific policy interventions that address
the particular vulnerabilities and opportunities in each context during drought peri-
ods. Rural areas, with their greater agricultural dependence, may experience different
drought effects compared to urban areas where economic activities are more diversified

and infrastructure may be more resilient to weather shocks.

PSNP Public Works Program: I also examined the differential effects of
drought by PSNP Public Works participation status, analyzing how households par-
ticipating in Ethiopia’s public works component of the Productive Safety Net Program
respond differently to drought conditions. The results for PSNP Public Works are
very similar to those presented below for PSNP Direct Support, showing no significant
differential impacts of drought across program participation status. Neither the Public
Works component nor the Direct Support component of PSNP significantly alters how
children respond to drought conditions across cognitive, educational, and time alloca-
tion outcomes. For brevity, the detailed PSNP Public Works results are presented in
Appendix A.3, and I focus the main text discussion on the Direct Support component

which yields comparable findings.

A.1.5 Heterogeneous Effects of Drought by PSNP Participation - Direct
Support

This subsection examines the differential effects of drought across households partici-
pating in the Direct Support component of Ethiopia’s Productive Safety Net Program
(PSNP) versus non-participating households. The PSNP Direct Support component
provides targeted assistance to households that are unable to participate in public
works activities due to labor constraints, typically including households with elderly
members, pregnant or lactating women, or those caring for young children or disabled

family members.

Understanding how drought effects vary by PSNP Direct Support participation is
crucial for policy design, as it reveals whether this targeted social protection mech-
anism effectively buffers the most vulnerable households from climate shocks. The
Direct Support component serves households that are often among the most vulnera-

ble to economic and climate-related shocks, making the analysis of its protective effects
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particularly important for understanding the comprehensive impact of Ethiopia’s so-
cial safety net system. The detailed heterogeneous effects by PSNP-Public Works

participation are presented in Appendix A.3.

Appendix Table A5: PSNP Direct Support-Specific Effects of Drought on School En-
rollment

Enrolment
UG
Moderate drought 0.62"*
(0.01)
PSNP-DS - Moderate drought 0.08"*
(0.03)
Severe drought 0.66**
(0.09)
PSNP-DS - Severe drought 0.14
(0.10)
Extreme drought 0.25"
(0.11)
PSNP-DS - Extreme drought -0.16
(0.11)

PSNP-Direct Support household -0.04***  -0.11 0.15*
(0.00)  (0.09) (0.07)
N 5038 5038 5038

Standard errors in parentheses
*p<0.1," p<0.05,™ p <0.01

Notes: This table shows regression results examining the differential effects of drought on school
enrollment by PSNP-Direct Support participation status. The coefficients on drought variables repre-
sent the effects for non-PSNP households (baseline), while the interaction terms show the additional
effects for PSNP Direct Support-participating households. The regression includes individual fixed
effects. Standard errors are clustered at the village level and reported in parentheses. * p < 0.1, **
p < 0.05, *** p <0.01
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Appendix Table A6: PSNP Direct Support-Specific Effects of Drought on Cognitive
Outcomes

Math PPVT(vocabulary)
Hm» @ B @ 66
Moderate drought 1.61 2.24**
(0.02) (0.01)
PSNP-DS - Moderate drought 0.65** 0.61**
(0.12) (0.11)
Severe drought 1.55% 1.72%
(0.11) (0.55)
PSNP-DS - Severe drought 0.39 1.16”
(0.24) (0.61)
Extreme drought 0.62 0.48
(0.37) (0.44)
PSNP-DS - Extreme drought -0.69" -0.48
(0.34) (0.43)

PSNP-Direct Support household -0.51"**  -0.26  0.60"** -0.53"** -1.04*  0.46"
(0.02)  (0.20) (0.17) (0.01) (0.54)  (0.25)
N 4905 4905 4905 4142 4142 4142

Standard errors in parentheses
*p<0.1," p<0.05 * p <0.01

Notes: This table shows regression results examining the differential effects of drought on Math and
PPVT cognitive outcomes by PSNP-Direct Support participation status. The coefficients on drought
variables represent the effects for non-PSNP households (baseline), while the interaction terms show
the additional effects for PSNP Direct Support-participating households. The regression includes
individual fixed effects. Standard errors are clustered at the village level and reported in parentheses.
*p<0.1, * p <0.05, *** p <0.01
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Appendix Table A7: PSNP Direct Support-Specific Effects of Drought on Study and

School Time

Study time School time
Hmn @ B W 6B
Moderate drought 0.68"* 2.83™*
(0.01) (0.03)
PSNP-DS - Moderate drought -0.14 0.67*
(0.10) (0.20)
Severe drought 0.83** 3.417
(0.08) (0.54)
PSNP-DS - Severe drought 0.33 0.76
(0.45) (0.62)
Extreme drought 0.52*** 1.32*
(0.16) (0.56)
PSNP-DS - Extreme drought -0.53* -0.88
(0.29) (0.60)
PSNP-Direct Support household 0.39"*  -0.08  0.58** -0.47"* -0.61  0.81**
(0.01)  (0.39) (0.19)  (0.02)  (0.56) (0.37)
N 5026 5026 5026 5039 5039 5039

Standard errors in parentheses
*p <01, p<0.05 * p<0.01

Notes: This table shows regression results examining the differential effects of drought on time allo-

cated to studying and attending school by PSNP-Direct Support participation status. The coefficients

on drought variables represent the effects for non-PSNP households (baseline), while the interaction

terms show the additional effects for PSNP Direct Support-participating households. The regression

includes individual fixed effects and village fixed effects. Standard errors are clustered at the village

level and reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01
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Appendix Table A8: PSNP Direct Support-Specific Effects of Drought on Travel Time
to School

Travel time to school (minutes)

(1) 2) 3)

Moderate drought -28.49***
(0.32)
PSNP-DS - Moderate drought 3.88
(2.34)
Severe drought -32.37%
(9.29)
PSNP-DS - Severe drought -22.31
(23.78)
Extreme drought -14.02**
(5.89)
PSNP-DS - Extreme drought 7.53
(8.57)
PSNP-Direct Support household — -5.39"** 20.77 -7.02
(0.18) (23.12) (6.67)
N 4738 4738 4738

Standard errors in parentheses
*p<0.1," p<0.05 " p <0.01

Notes: This table shows regression results examining the differential effects of drought on travel time
to school by PSNP-Direct Support participation status. The coefficients on drought variables represent
the effects for non-PSNP households (baseline), while the interaction terms show the additional effects
for PSNP Direct Support-participating households. The regression includes individual fixed effects
and village fixed effects. Standard errors are clustered at the village level and reported in parentheses.
*p<0.1, * p <0.05, ** p <0.01

Tables A5, A6, A7, and A8 reveal important heterogeneous effects of drought
conditions across PSNP Direct Support participation status. The tables present coef-
ficients for non-PSNP households (baseline effects) and interaction terms that capture
the additional effects for households participating in the PSNP Direct Support pro-

gram.

Table A5 demonstrates how drought impacts on school enrollment vary signifi-
cantly between PSNP Direct Support-participating and non-participating households.
The interaction terms reveal whether the targeted assistance provided by Direct Sup-
port effectively buffers children from drought-induced disruptions to schooling, partic-

ularly important given that Direct Support households often face additional vulnera-
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bilities due to labor constraints.

Table A6 shows differential effects on cognitive outcomes (Math and PPVT scores)
across PSNP Direct Support participation status, indicating whether the direct cash
transfers and assistance provided by this component help maintain or improve chil-
dren’s cognitive development during drought periods. These results are crucial for
understanding whether targeted social protection programs can mitigate the human

capital costs of climate shocks among the most vulnerable households.

Table A7 examines whether Direct Support households are better able to maintain
children’s educational time investments during droughts, providing insights into how
PSNP Direct Support participation alters family educational decisions during drought

periods.

Table A8 examines differential effects on school transportation costs and accessibil-
ity, which is particularly relevant given that Direct Support households may face greater
transportation barriers due to their limited labor capacity and economic constraints.
Understanding how drought affects commuting time differently for these vulnerable

households provides insights into access barriers and potential intervention points.

These findings provide important evidence for the effectiveness of the Direct Sup-
port component of Ethiopia’s largest social safety net program in protecting children
from climate-related shocks. The results inform policy discussions about the design
and targeting of social protection programs for the most vulnerable populations in
climate-vulnerable countries, demonstrating whether existing targeted safety nets ade-
quately buffer households with limited labor capacity from drought impacts or whether
additional interventions are needed to protect child development outcomes during cli-
mate emergencies. The comparison between Direct Support and Public Works effects
(analyzed in the previous subsection) offers insights into how different components
of comprehensive social protection systems can address diverse vulnerability profiles

within climate-affected populations.

A.2 Young Lives Ethiopia

The Young Lives Ethiopia dataset is a longitudinal panel study covering five waves of
data collection from 2002 to 2016. The dataset includes comprehensive information
on children’s development, household characteristics, and community-level measures

across Ethiopia’s major regions. Child survey. hosuehold survey. community level
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surveys.

Table A10 presents the age distribution of children across all observations in the
Young Lives Ethiopia panel dataset. The distribution reflects the longitudinal nature of
the study, with children aged from infancy to young adulthood. The dataset captures
two distinct cohorts: a younger cohort initially aged 6-18 months and an older cohort
initially aged 7.5-8.5 years at the start of the study. The age distribution shows the
natural progression of these cohorts through the five waves of data collection, with peak
observations at ages representing key developmental stages including early childhood

(ages 1, 5, 8), pre-adolescence (ages 11-12), and adolescence (ages 14-15).

The twenty study sites in Ethiopia were selected in 2001 following a three-stage
process based on the national administrative structures. First, the regions where the
study would take place were selected, then the woredas (districts) within each region,
and then a kebele (the lowest level of administrative) within each woreda as a sentinel
site. Finally 100 young children and 50 older children were randomly selected within
the chosen sites. The panel structure of the Young Lives study is illustrated in Table
A9, which shows the distribution of observations across the five survey rounds. Round
1 was conducted in 2002, followed by Round 2 in 2006, Round 3 in 2009, Round 4 in
2013, and Round 5 in 2016. The table reveals a relatively balanced distribution across
rounds, with a slight decline from 2,999 observations in Round 1 to 2,659 observations
in Round 5, reflecting natural attrition that is typical in longitudinal studies. This
attrition rate of approximately 11% over 14 years demonstrates the high retention

achieved by the Young Lives study team.

The two-cohort design of the study is clearly demonstrated in Table A9, which
shows the age distribution within each survey round. This table illustrates how the
younger cohort progresses from approximately age 1 in Round 1 to ages 14-15 in Round
5, while the older cohort advances from ages 7-8 in Round 1 to ages 21-22 in Round 5.
The clean age progression across rounds confirms the successful longitudinal tracking
of the same children over the 14-year study period, providing valuable insights into

different developmental stages and life transitions.

Figure 2 provides crucial context for understanding children’s daily activities and
time allocation patterns in Ethiopia. This visualization shows how children distribute
their time across different activities including education, various forms of child labor
(household chores, domestic tasks, and paid work), leisure activities, and other daily

responsibilities. The time allocation patterns revealed in this figure help contextualize
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the findings from our main analysis regarding how flooding shocks affect the trade-offs

between schooling and child labor among Ethiopian children.

Appendix Table A9: Age Distribution by Survey Round: Two Cohort Structure

Round 1 (2002) Round 2 (2006) Round 3 (2009) Round 4 (2013) Round 5 (2016)

Age Freq. % Freq. % Freq. % Freq. % Freq. %

1 1,061 51.48

5 1,328 57.54

7 611 29.65 630 22.14

8 389 18.87 1,241 43.62

11 419 18.15 1 0.04 618 22.33

12 561 24.31 1,251 45.21

14 433 15.22 660 25.27
15 540 18.98 1,144 43.80
18 369 13.34

19 529 19.12

21 364 13.94
22 444 17.00

Total 2,061 100.00 2,308 100.00 2,845 100.00 2,767 100.00 2,612 100.00

Notes: This table demonstrates the two-cohort design of the Young Lives Ethiopia study. The
younger cohort started at approximately age 1 in Round 1 (2002) and progressed to age 14-15 by
Round 5 (2016). The older cohort started at ages 7-8 in Round 1 and reached ages 21-22 by Round
5. The clear age progression across rounds shows the longitudinal tracking of the same children over
14 years. Source: Young Lives Ethiopia dataset (2002-2016).
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Appendix Table A10: Distribution of Children by Age in Young Lives Ethiopia

Age Frequency Percent

0 938 6.64
1 1,061 7.51
4 576 4.07
5 1,328 9.40
6 8 0.06
7 1,241 8.78
8 1,630 11.53
9 11 0.08
11 1,038 7.34
12 1,812 12.82
13 1 0.01
14 1,093 7.73
15 1,684 11.91
16 2 0.01
17 1 0.01
18 369 2.61
19 529 3.74
20 3 0.02
21 364 2.58
22 444 3.14
23 2 0.01
Total 14,135 100.00

Notes: This table shows the age distribution of all child observations across the five waves of the
Young Lives Ethiopia panel dataset. The dataset includes children from two cohorts: a younger cohort
initially aged 6-18 months and an older cohort initially aged 7.5-8.5 years. Total observations: 14,135.
Source: Young Lives Ethiopia dataset (2002-2016).
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Appendix Table A11: Effects of Drought on Time Allocation and Health Outcomes:

Overall and by Gender

Panel A: Overall Effects

Time Allocation

Health Outcomes

Work Chores Tasks

Child injury Health problem

(1) (2) (3) (4) (5)

Severe drought (SPI < -1.5)  0.04 -0.21  -0.14 -0.05 -0.06
(0.06)  (0.16)  (0.18) (0.04) (0.04)

Individual FE Yes Yes Yes Yes Yes
N 8150 8156 8150 8743 7111

Panel B: Boys

Time Allocation

Health Outcomes

Work Chores Tasks

Child injury Health problem

(1) (2) (3) (4) (5)
Severe drought (SPI <-1.5) 0.04 -0.23* -0.34 -0.04 -0.06
(0.09) (0.12) (0.32) (0.05) (0.05)

Individual FE Yes Yes Yes Yes Yes
N 4286 4286 4286 4588 3724

Panel C: Girls

Time Allocation

Health Outcomes

Work Chores Tasks

Child injury Health problem

(1) (2) (3) (4) (5)

Severe drought (SPI < -1.5)  0.05 -0.20 0.06 -0.06 -0.06
(0.05) (0.23) (0.14) (0.05) (0.04)

Individual FE Yes Yes Yes Yes Yes
N 3864 3870 3864 4155 3387

Notes: This table shows regression results examining the effects of drought on time allocated to

work, household chores, and domestic tasks (hours per day) as well as child injury rates and health

problems. Panel A presents overall results, Panel B presents results for boys, and Panel C presents

results for girls. The regression includes individual fixed effects. Standard errors are clustered at the

village level and reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01

A.3 PSNP Public Works Program Results

This subsection presents the detailed results for the differential effects of drought across

households participating in Ethiopia’s Productive Safety Net Program (PSNP) Pub-
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lic Works component versus non-participating households. The PSNP is Ethiopia’s
largest national social safety net program, designed to respond to both chronic food
insecurity and shorter-term shocks, particularly droughts. The program targets highly
climate-vulnerable populations and offers a practical model of how social safety nets
can simultaneously meet social protection needs while reducing disaster and climate-

related risks.

Understanding how drought effects vary by PSNP participation is crucial for policy
design, as it reveals whether existing social protection mechanisms effectively buffer vul-
nerable households from climate shocks or whether additional interventions are needed.
The PSNP-Public Works component provides employment opportunities and income
support to participating households, which may alter how families respond to drought
conditions in terms of children’s educational participation, time allocation, and overall

well-being.
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Appendix Table A12: PSNP Public Works-Specific Effects of Drought on School En-
rollment

Enrolment
OO
Moderate drought 0.58"**
(0.02)
PSNP - Moderate drought 0.05*
(0.02)
Severe drought 0.66"**
(0.11)
PSNP - Severe drought 0.01
(0.11)
Extreme drought 0.26"*
(0.11)
PSNP - Extreme drought -0.06
(0.15)

PSNP-Public Works household  -0.04**  0.01  0.03
(0.02) (0.12) (0.10)
N 5039 5039 5039

Standard errors in parentheses
*p<0.1," p<0.05 * p <0.01

Notes: This table shows regression results examining the differential effects of drought on school en-
rollment by PSNP-Public Works participation status. The coefficients on drought variables represent
the effects for non-PSNP households (baseline), while the interaction terms show the additional effects
for PSNP-participating households. The regression includes individual fixed effects. Standard errors

are clustered at the village level and reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01
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Appendix Table A13: PSNP Public Works-Specific Effects of Drought on Cognitive

Outcomes
Math PPVT (vocabulary)
(1) (2) 3) (4) (5) (6)
Moderate drought 1717 2.33"
(0.04) (0.04)
PSNP - Moderate drought -0.23*** -0.22%*
(0.07) (0.06)
Severe drought 1.55%* 1.26**
(0.14) (0.47)
PSNP - Severe drought -0.09 0.86*
(0.16) (0.46)
Extreme drought 0.70* 0.49
(0.37) (0.46)
PSNP - Extreme drought -0.50 -0.17
(0.50) (0.67)
PSNP-Public Works household -0.53** -0.64"* -0.47 -0.46"" -1.52"* -0.63
(0.07) (0.17)  (0.30)  (0.04) (0.52)  (0.43)
N 4906 4906 4906 4143 4143 4143

Standard errors in parentheses
*p <01, p<0.05 * p<0.01

Notes: This table shows regression results examining the differential effects of drought on Math and
PPVT cognitive outcomes by PSNP-Public Works participation status. The coefficients on drought
variables represent the effects for non-PSNP households (baseline), while the interaction terms show
the additional effects for PSNP-participating households. The regression includes individual fixed
effects. Standard errors are clustered at the village level and reported in parentheses. * p < 0.1, **
p < 0.05, *** p <0.01
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Appendix Table A14: PSNP Public Works-Specific Effects of Drought on Study and
School Time

Study time School time
(1) (2) (3) (4) (5) (6)
Moderate drought 0.65** 2.84**
(0.03) (0.09)
PSNP - Moderate drought 0.01 -0.04
(0.05) (0.14)
Severe drought 0.88*** 3.50"*
(0.07) (0.65)
PSNP - Severe drought -0.25** -0.42
(0.11) (0.68)
Extreme drought 0.59** 1.39*
(0.17) (0.61)
PSNP - Extreme drought -0.39* -0.47
(0.20) (0.79)

PSNP-Public Works household -0.27*** -0.01 -0.01 -0.07 0.38 0.16
(0.05) (0.12) (0.15) (0.10) (0.71)  (0.50)
N 5027 5027 5027 5040 5040 5040

Standard errors in parentheses
*p<0.1," p<0.05 " p <0.01

Notes: This table shows regression results examining the differential effects of drought on time allo-
cated to studying and attending school by PSNP-Public Works participation status. The coefficients
on drought variables represent the effects for non-PSNP households (baseline), while the interaction
terms show the additional effects for PSNP-participating households. The regression includes indi-
vidual fixed effects. Standard errors are clustered at the village level and reported in parentheses. *
p <0.1, ¥ p <0.05, *** p <0.01
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Appendix Table A15: PSNP Public Works-Specific Effects of Drought on Travel Time
to School

Travel time to school (minutes)

(1) (2) 3)

Moderate drought -31.06%**
(1.32)
PSNP - Moderate drought 3.51"
(1.97)
Severe drought -33.61%**
(10.33)
PSNP - Severe drought 4.50
(9.36)
Extreme drought -14.82*
(6.72)
PSNP - Extreme drought 4.46
(8.56)
PSNP-Public Works household ~ -4.07** -5.52 -2.80
(1.54) (9.16) (5.28)
N 4739 4739 4739

Standard errors in parentheses
*p<0.1,* p<0.05 " p <0.01

Notes: This table shows regression results examining the differential effects of drought on travel time
to school by PSNP-Public Works participation status. The coefficients on drought variables represent
the effects for non-PSNP households (baseline), while the interaction terms show the additional effects
for PSNP-participating households. The regression includes individual fixed effects. Standard errors

are clustered at the village level and reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01
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Appendix Table A16:

Chores, and Tasks

PSNP Public Works-Specific Effects of Drought on Work,

Work Chores Tasks
(1) 2) ®3) 4) () (6) (7) ) 9)
Moderate drought 0.16™** 0.23** -1.40%**
(0.02) (0.06) (0.05)
PSNP - Moderate drought 0.20"* -0.26* 1.42*
(0.05) (0.10) (0.10)
Severe drought 0.17 0.31™ -0.06
(0.02) (0.13) (0.16)
PSNP - Severe drought 0.08 -0.21 0.13
(0.11) (0.16) (0.19)
Extreme drought 0.11% 0.29™ -0.20
(0.05) (0.11) (0.14)
PSNP - Extreme drought -0.01 -0.14 0.14
(0.09) (0.11) (0.20)
PSNP-Public Works household -0.40"* -0.28* -0.20 -0.04 -0.09 -0.20 -1.36"* -0.07 -0.05
(0.05)  (0.16) (0.12) (0.10) (0.19) (0.17) (0.12) (0.20) (0.21)
N 5026 5026 5026 5029 5029 5029 5026 5026 5026

Standard errors in parentheses
*p<0.1," p<0.05 " p<0.01

Notes: This table shows regression results examining the differential effects of drought on time
allocated to work, household chores, and domestic tasks by PSNP-Public Works participation status.
The coefficients on drought variables represent the effects for non-PSNP households (baseline), while
the interaction terms show the additional effects for PSNP-participating households. The regression
includes individual fixed effects. Standard errors are clustered at the village level and reported in

parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01

Appendix Tables A12, A13, A14, A15, and A16 reveal important heterogeneous
The

tables present coefficients for non-PSNP households (baseline effects) and interaction

effects of drought conditions across PSNP Public Works participation status.

terms that capture the additional effects for households participating in the PSNP-
Public Works program.

The results demonstrate that PSNP Public Works participation does not signifi-
cantly alter how children respond to drought conditions across cognitive, educational,
and time allocation outcomes. The interaction terms are generally small and statis-
tically insignificant, indicating that the social safety net provided by PSNP Public
Works does not effectively buffer children from drought impacts differently than non-
participating households. These findings are consistent with the results for PSNP

Direct Support presented in the main text, suggesting that Ethiopia’s existing social
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protection mechanisms are inadequately designed to address the transportation and

infrastructure challenges that drive drought’s educational effects.

These findings provide evidence that Ethiopia’s largest social safety net program
has limited effectiveness in protecting children from climate-related shocks through
either the Public Works or Direct Support components. The results inform policy dis-
cussions about the need for redesigned social protection programs in climate-vulnerable
countries that address transportation infrastructure and access barriers rather than fo-

cusing solely on income support.
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