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Abstract

Policies that improve early life human capital are a promising tool to alter disad-
vantaged children’s lifelong trajectories. Yet in many low-income countries, children
and their parents face tradeoffs between schooling and productive work. If there are
positive returns to human capital in child labor, then children who receive greater
early life investments may attend less school. Exploiting early life rainfall shocks in
India as a source of exogenous variation in early life investment, we show that child
labor attenuates the positive effects of early life investment, and increased early life
investment increases school dropout in districts with high child labor. This lower edu-
cational investment has persistent long-term consequences into adulthood, resulting in
lower household consumption. We show that our results are robust to instrumenting
for child labor prevalence using local crop mix. Reductions in educational investment
in response to positive early life shocks appear to reduce overall welfare in high child
labor districts.
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1 Introduction

Policies that increase human capital investment during the critical period between the ages of

zero to five, when the developing brain is most plastic, are a promising tool to increase long-

term human capital attainment (Knudsen et al., 2006). The World Bank has made hundreds

of investments in early childhood development around the world, spending billions of dollars

(Sayre et al., 2015). One motivation for these programs is that the already meaningful direct

benefits of early life investments may be amplified by “dynamic complementarities” in the

human capital production function, as early skill investments increase the returns to later

human capital investments (Cunha and Heckman, 2007), endogenously leading to increases

in those investments.

In this paper, we show that the success of these interventions in low-income countries

depends critically on the economic environment. This is because early life investments

may also increase the payoff from children or adolescents leaving school and generating

income for their families, either formally in the market or in home production (Bleakley,

2010a). This is a salient concern, as the prevalence of child labor is still incredibly high

in low-income countries. The International Labour Organization estimates that there are

approximately 265 million working children in the world—almost 17 percent of the worldwide

child population (Ortiz-Ospina and Roser, 2020). While much of the literature on early life

investment has focused on settings where child labor is rare, understanding how parents

and children respond to positive early life shocks is particularly important in low-income

countries, where child labor is common (Edmonds, 2007; Bharadwaj et al., 2013). If children

have opportunities to work productively and their early life human capital increases the

returns of these opportunities, actions taken by parents and children in response to positive

early life shocks can reduce or even reverse their positive direct effects on education. In

the presence of market failures, these actions may lead to inefficiently low human capital

investments. Understanding how early life investment affects opportunity costs in these

particularly vulnerable settings is therefore crucial for the design of policies that seek to

harness the benefits of early life investment to increase education.

To understand the interaction between child labor opportunities and early life investment,

we build a model of human capital investment in a context where children work. The model

shows that increased early human capital will not translate into increased schooling – even in

the presence of dynamic complementarities – if there are positive returns to human capital in

the market for child labor and these positive returns dominate dynamic complementarities

in the human capital production function. Here, human capital is defined broadly to include

physical health, cognitive, and non-cognitive skills, as we are agnostic on the specific skills
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that increase children’s productivity. Our test of this model builds on earlier work by Shah

and Steinberg (2017), who show that in rural India, positive early life rainfall shocks act as

an exogenous boost to initial human capital, and on average lead to long-run increases in

schooling. In this paper, we answer a different question: under what circumstances will a

positive shock to early life human capital fail to translate into increases in overall schooling

or even reduce schooling, harming long-term outcomes? We test the model empirically

by estimating the effects of early life rainfall shocks on dropout (up to 16 years after the

shock) and adult consumption (decades later), separately in places with and without a high

prevalence of child labor.

We find that child labor mitigates the positive educational effects of early life shocks due

to rainfall. In districts with a high prevalence of child labor, increased early life investment

reduces schooling. We argue that the negative effect of increased early life investment on

education in the presence of child labor is due to increases in the opportunity cost of school-

ing. Indeed, it is hard to rationalize this pattern with alternative explanations. While the

human capital of children in high child labor districts could be less responsive to positive

early life shocks if districts with high child labor also have worse schools or less demand

for education, this does not explain why positive early life shocks reduce education in these

districts. Nonetheless, to address the concern that high child labor districts differ from low

child labor districts on a variety of dimensions, we help account for omitted variable bias by

implementing an IV strategy exploiting a technological source of variation in the demand

for child labor, local crops, which are primarily driven by regions’ agroclimatic features.

Children are known to have a comparative advantage in some crops, such as sugar and cot-

ton (Levy, 1985). To choose crop-based instruments in a principled way, we follow Belloni

et al. (2012) and use lasso to select instruments for child labor prevalence. The resulting

instruments include sugar and cotton, along with several other crops. Across outcomes, the

instrumental variables regressions deliver similar results to OLS.1 Our IV results imply that

in high child labor districts, switching a child from one early life drought to a year with good

rainfall lowers his total schooling by 0.08 years.

Our findings are in line with the growing literature that emphasizes the importance of

opportunity cost as a driver of human capital investment, both in developed and developing

countries (Atkin, 2016; Charles et al., 2018; Cascio and Narayan, 2022; Shah and Steinberg,

2017, 2021).2 Our contribution to this literature is two-fold. First, while there is a broad

1To further rule out the possibility of omitted variable bias, in supplementary analysis, we control for
a battery of other local characteristics, including average incomes, literacy rates, and measures of school
quality, as well as household-specific socioeconomic controls and household fixed effects. The inclusion of
this rich set of controls has little effect on our results.

2Our paper is closest to Shah and Steinberg (2017), which shows that transient contemporaneous rainfall

2



consensus that greater labor market opportunities for low-skill workers can reduce schooling,

we show that, because there are returns to human capital even in low-skill work, these labor

market opportunities can induce dropout among precisely those students for whom schooling

is more productive. Second, the policy-relevance of the literature is limited by a dearth of

evidence on whether these dropouts are efficient. Decreased educational attainment does

not necessarily imply that reduced schooling is welfare-reducing in a net present value sense,

even when associated with long-run decreases in consumption (Baland and Robinson, 2000).

Perhaps increased dropout reflects efficient households choosing additional income today in

lieu of greater income in the future. Indeed, it is not even obvious if there are costs to

dropping out, as it is possible that the returns to schooling over working are very low or

even zero (Beegle et al., 2009), especially given criticisms of the Indian educational system

(Pritchett, 2013).

We address the key question of efficiency in two ways. First, to compare the costs and

benefits of the educational choices, we match consumption data to early life rainfall shocks.

We find that there are benefits to dropping out: in places with high child labor, house-

holds whose children have experienced more positive early life shocks have higher current

consumption. However, there are also long-run costs: in places with high child labor, house-

holds whose male household heads have experienced more positive early life shocks have lower

current consumption. Our IV estimates show that, in high-child labor districts, switching a

household head from one early life drought to a year with good rainfall lowers his family’s

consumption as an adult by 0.9%. Based on these estimates, we estimate the discount factor

for a unitary household that would rationalize increasing current child labor at the expense

of future consumption. The estimated discount factor, 0.88, is lower than social discount

factor estimates and is also inconsistent with Indian interest rates over the same period.

Since the decrease in long-run consumption is too large to be rationalized with discounting

the future, this suggests that even though these reductions in education were demand-driven,

they may represent an inefficient loss of human capital investment.

Our second test for efficiency directly considers the mechanism underlying inefficient

human capital investment. Parents may inefficiently underinvest in the education of their

children in response to positive shocks because there are incomplete contracting problems

between parents and children. These problems occur when imperfectly altruistic parents do

not make efficient educational investments because they cannot capture the returns to these

shocks affect dropout by changing the opportunity cost of schooling. The mechanism they study is that
contemporaneous shocks raise wages because they increase agricultural productivity, directly increasing the
opportunity cost of school. In contrast, we are interested in whether early life shocks, which increased
household income during a critical period for child investment, affect the opportunity cost of schooling in
adolescence.
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investments in the future (Banerjee, 2004; Ashraf et al., 2020; Bau, 2021). To test whether

incomplete contracting problems lead to inefficient investment in response to positive early

life shocks, we leverage the fact that in rural India, oldest sons traditionally stay home

and care for parents in their old age (Jayachandran, 2015; Jayachandran and Pande, 2017).

This allows parents to capture more later-in-life benefits from educational investments in

oldest sons, incentivizing imperfectly altruistic parents to invest in these sons’ education.

Consistent with the importance of incomplete contracting, we find that for oldest sons (but

not their siblings), parents reinforce early life investments in human capital regardless of child

labor prevalence. Altogether, our results suggest that declines in human capital investment

due to opportunity costs related to youth and child labor are inefficient.

We contribute to three other literatures in addition to the literature on opportunity

costs and human capital investment. First, we build on the literature on human capital

investment and dynamic complementarities (Cunha and Heckman, 2008; Gilraine, 2018;

Aizer and Cunha, 2012), taking into account an important feature of developing countries

that has previously been omitted from this literature – that children work (Schultz, 1960;

Basu and Pham, 1998; Basu, 1999; Edmonds and Pavcnik, 2005). This literature often

takes a revealed preference approach to argue that an increase in educational investment

in response to an earlier positive shock is evidence of dynamic complementarities in human

capital production.3 In our setting, the presence of dynamic complementarities does not

guarantee that early boosts to human capital will be reinforced by additional investments

later on. If children can use their human capital to earn more in the labor market or produce

more on the family farm, they may even reduce schooling investment in response to a positive

shock to early human capital.

Second, we contribute to a growing literature on the medium and long-run effects of

early life shocks (see Heckman (2007), Almond and Currie (2011), Currie and Vogl (2013),

Currie and Rossin-Slater (2015), and Almond et al. (2018) for a review of the literature and

Maccini and Yang (2009) and Shah and Steinberg (2017) for two closely-related papers ex-

ploiting rainfall shocks in low-income countries), largely though not entirely in higher-income

countries.4 This literature has suggested that “good” early life shocks lead to “good” later

3See for example, Aizer and Cunha (2012); Gilraine (2018); Johnson and Jackson (2019); Rossin-Slater and
Wüst (2020); Duque et al. (2023); Adhvaryu et al. (Forthcoming); Agostinelli and Wiswall (Forthcoming);
Goff et al. (2023) among others. A related literature, primarily in developing countries, estimates the extent
to which parents invest unequally in their children in order to reinforce or mitigate early differences in human
capital (Behrman et al., 1994; Adhvaryu and Nyshadham, 2016; Bharadwaj et al., 2018; Dizon-Ross, 2019),
whether due to dynamic complementarities or other convexities in human capital returns, and finds mixed
results.

4While this literature is too large to do justice to, notable contributions include Maluccio et al. (2009),
Attanasio et al. (2020), Bleakley (2010b), and Garćıa et al. (2020).
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life outcomes. In line with this, we do find that early life rainfall shocks have positive ef-

fects when we average across all districts. However, focusing only on average effects masks

important heterogeneity. Understanding the effects of early life investments in low-income

countries requires taking opportunity costs into account. Even in places with a moderate

level of child labor, the long-run impacts of early life investments on human capital will be

smaller than would be predicted from interventions in high-income countries, where parents

and children do not trade-off work and education. When child labor is high, early life in-

vestments can negatively affect education and even adult consumption and welfare. While

Bleakley (2007) discusses this theoretical possibility, to our knowledge this is the first em-

pirical evidence that positive early life shocks decrease schooling for a large population. The

heterogeneous effects of early life shocks that we identify also have important implications

for policy. Interventions like conditional cash transfers can help policymakers harness the

benefits of early childhood investment in settings where opportunity costs are also responsive

to early life human capital, while the targeting of early life investment policies to maximize

either educational outcomes or welfare depends critically on the prevalence of child labor.

Third, we contribute to the relatively new literature showing that childhood location has

significant and long-lasting effects on adult outcomes (Chetty and Hendren, 2018; Chyn and

Katz, 2021). While this literature has focused on relatively wealthy countries (Deutscher,

2020; Laliberté, 2021; Nakamura et al., 2022), our results from rural India show similar

patterns. Being born in a district with high child labor has important long-term impacts on

human capital accumulation and later life consumption, and, as in Aloni and Avivi (2024),

we emphasize the importance of heterogeneity in place effects for different types of children.

To guide the empirical analysis, Section 2 introduces a theoretical framework for human

capital investment and child labor in the presence of dynamic complementarities and derives

testable predictions. Section 3 provides further background on child labor in India and

describes the data used in the analysis. Section 4 describes both the OLS and the lasso

IV empirical strategies, and Section 5 reports the primary results on education using a

variety of specifications. Section 6 reports the long-run effects of early life investment on

adult outcomes in the presence of child labor. Section 7 reports the results from a series of

robustness tests. Section 8 discusses the results and provides evidence that parents are not

choosing welfare-maximizing education levels. Section 9 concludes.

2 Theoretical Framework

To develop testable predictions about the effects of early life human capital investment on

education and child labor, we develop a simple partial equilibrium model. Intuitively, this
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model brings together the theoretical literature on child labor (e.g. Basu and Pham, 1998),

the trade-off between child labor and human capital formation (Basu, 1999; Baland and

Robinson, 2000; Dessy, 2000; Hazan and Berdugo, 2002; Ravallion and Wodon, 2000; Beegle

et al., 2009), and the literature on dynamic complementarities (Cunha and Heckman, 2007).

Doing so allows us to clarify the circumstances under which positive early life human capital

investments can reduce schooling, even in the presence of dynamic complementarities in the

human capital production function.

The model captures the following intuition. With only dynamic complementarities, in-

creased early life human capital investment positively affects the returns to later schooling

investment, incentivizing parents to invest more in later education. This is the standard

effect of dynamic complementarities posited by Cunha and Heckman (2007). However, the

new feature of our model is that, in places where child labor is prevalent, early life invest-

ments also affect children’s productivity at work, raising the opportunity cost of schooling.

Thus, a novel prediction of our model is that this countervailing force attenuates and can

even reverse the positive effect of early life investment on schooling. If early life investments

increase opportunity costs more than they increase the expected utility the parent derives

from the increased return to education, schooling and potentially long-run consumption will

fall. Furthermore, if the parent is imperfectly altruistic, or she underestimates the size of

dynamic complementarities relative to the effect of early life human capital investments on

wages, reductions in education due to early life investments can be inefficient and total

welfare-reducing.

2.1 Set Up

The decision-maker in the model is a parent, and each parent has one child. The decision-

maker is indexed by her child’s exogenous educational ability, α, which is distributed accord-

ing to the function F . She is also indexed by her type of district, d ∈ {low, high}, which
denotes whether a district has high or low child labor. To simplify exposition, at the risk of

abusing notation, subscripts for these indices are suppressed when not relevant. There are

three periods in the child’s life: early life, school age, and adulthood. Exogeneous ability α

becomes observable in period 2, when a child is old enough to attend school. In period 1,

the parent decides how much to invest in a child’s early life human capital, h. In period 2,

the parent makes a discrete decision whether or not to educate the child, e ∈ {0, 1}, or have
the child work. If the child works, the parent receives wc

2,d(h), which depends on h and d;

wc
2,d(h) can either be a child’s actual wage on the market or the value of what she produces
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at home.5

The parent’s consumption in the first two periods – when the parent is making human

capital investment decisions – is explicitly included in the model. In addition, the parent

also places some weight on the child’s third period adult utility. This can be thought of

as capturing both altruism and a reduced-form representation of the parent’s third period

consumption, which is determined by the fraction of the child’s third period utility that the

parent captures as old age support. A parent’s preferences in period 1 are represented by

Up
1 (h) = u(cp1(y1, h)) + ρE

(
max

e
u(cp2(y2, e, h)) + δU c(cc3(e, h))

)
,

where cp1 and cp2 are the parent’s consumption in periods 1 and 2, cc3 is the child’s adult

consumption in period 3, u is the parental utility function, U c is the child’s adult utility,

which depends on educational and early life investments, δ = ργ is the product of the parent’s

discount factor ρ and γ, where γ captures both the parent’s altruism toward the child and

her ability to resolve incomplete contracting problems by extracting utility from the child

in the third period, and the expectation is taken over realizations of α. Both u and U c are

assumed to have diminishing marginal returns in consumption.

The parent’s period 2 utility is given by

Up
2 (e, h) = u(cp2(y2, e, h)) + δU c(cc3(e, h)).

For simplicity, the model abstracts away from borrowing and saving.6 In line with this

assumption, formal banking was rare during our study period. In 2011, the World Bank

Findex data report that only 35% of Indians had bank accounts, and financial access was

likely much lower in the rural population we study.

Parental consumption in period 1 is equal to some exogenous income y1 net the cost of

human capital investment h. Parental consumption in period 2 is total income y2 net the

cost of schooling if e = 1 or plus the wages from child labor if e = 0. Thus,

cp1 = y1 − chh

cp2 = y2 + (1− e)wc
2,d(h)− cee

cc3 = wc
3(e, h) + αe

5We model education and child labor as discrete, both for ease of exposition, and because our primary
specification uses both a discrete outcome variable (dropout), and a discrete approach to measuring child
labor (whether a district is above India’s median).

6In the empirical analysis, we show that the results are robust to specifications that explicitly control
for saving by controlling for household fixed effects. These specifications compare siblings within the same
household (with the same budget constraint) who received different shocks.
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where ch is a cost of the human capital investment and ce is the cost of education. The

expression wc
3(e, h)+αe is what the parent believes to be the child’s total adult wage, where

the function wc
3(e, h) allows for a flexible relationship in adult wages between e and h and

does not directly depend on d, and the returns to education also depend on exogenous

schooling ability α.7 Parents may have incorrect beliefs about wc
3(e, h), such that wc

3(e, h) ̸=
w̃c

3(e, h), where w̃c
3(e, h) is the true relationship. Following Cunha and Heckman (2008),

parents perceive that there are dynamic complementarities in the adult wage function if
∂wc

3(1,h)

∂h
>

∂wc
3(0,h)

∂h
. This captures the idea that early life investments in human capital make

educational investments more productive.

Before solving the model, we make two assumptions. First, for expositional simplicity,

we assume that wc
2,low(h) = 0, so that if child labor in a district is negligible, child output is

always equal to zero. This assumption simplifies algebra but is not necessary for our main

propositions (Propositions 1, 2, 3a, and 4a-b). Second, in places where child labor is high,

we assume
∂wc

2,high

∂h
> 0. This assumption captures the idea that child wages are increasing

in child human capital – our key mechanism of interest – and that this effect is stronger in

high child labor districts. We provide empirical support for this relationship in subsection

3.4.

2.2 Propositions

We now solve for the parent’s equilibrium investment decisions and relate them to changes

in first period income y1.

Proposition 1. Denote h∗ as the parent’s equilibrium choice of h. If wc
2,d(h) and wc

3(e, h)

have constant or diminishing marginal returns in h, then ∂h∗

∂y1
> 0 for all d.

Proof. See Appendix A.

The first proposition simply delivers the classic result that a positive income shock in

early life will increase early life human capital investment. The intuition for this prediction

is straightforward. When y1 increases, the marginal utility of first period consumption falls,

increasing the parent’s incentive to invest in her child’s human capital. This proposition is

consistent with the previous findings of Maccini and Yang (2009) and Shah and Steinberg

(2017), who show that an early life shock increases test scores and weight.

7The assumption that α is not directly affected by h does not imply that early life shocks cannot directly
affect the returns to education since the function wc

3(e, h) flexibly allows h to affect the returns to e. Rather
the existence of an exogenous α merely captures the fact that there is heterogeneity in the returns to
education across students, allowing for differences across students of the same incomes’ response to the same
shock.
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Building on Proposition 1, the next set of propositions describe the key empirical results

in this paper – that early life shocks increase education rates in places with low child labor

and have smaller positive or even negative effects on education rates in places with high

child labor. Proposition 2 delivers a standard prediction in the dynamics complementarities

literature.

Proposition 2. Denote λd(y1) to be the share of children educated in a district of type d

given y1.
∂λlow(y1)

∂y1
> 0 only if

∂wc
3(1,h)

∂h
>

∂wc
3(0,h)

∂h
.

Proof. See Appendix A.

This proposition captures the fact that, in low child labor places, increased h only posi-

tively affects the parent’s educational decisions through its effect on the returns to later life

educational investments. Therefore, if an early life shock increases educational investments

in low child labor markets, this is evidence in favor of dynamic complementarities.

The remaining propositions introduce the novel predictions of this paper. Proposition

3a shows that the standard dynamic complementarity results can be reversed by opportu-

nity costs. In high child labor markets, positive early life investments can have negative

effects, despite their potential positive effect on the returns to education due to dynamic

complementarities. Proposition 3b (presented in Appendix A) describes the conditions un-

der which opportunity cost effects are not strong enough to reverse the positive effect of

early life investment on education but nonetheless dampen that positive effect.

Proposition 3a. If
∂wc

2,high(h
∗(y1))

∂h
is sufficiently great, then

∂λhigh(y1)

∂y1
< 0 even if ∂λlow(y1)

∂y1
> 0.

Proof. See Appendix A.

Proposition 3a shows that when the effect on parental utility of the increase in child wages

due to an increase in y1 is sufficiently large in high child labor places, it outweighs the effect

of the increase in the returns to education (weighted by the parents’ altruism and discount

factor). Then, positive income shocks that increase early life investments can lead to reduced

education. The model also clarifies that (1) observing these effects does not depend on the

magnitude of the increase in early life human capital but rather the size of the derivative of

the child wage with respect to h, as the change in the returns to education vs. child labor

is what matters for the marginal parent’s decision, and (2) even for small shocks, there will

be some households on the margin of education vs. child labor as long as the prevalence of

child labor is neither 0 or 100%.

Finally, our last two propositions consider some plausible circumstances under which

these reductions in education will be inefficient. These sources of inefficiency in educa-

tional investment appear in other work (for example, Banerjee (2004) on intergenerational
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incomplete contracting and Jensen (2010) on systematic under-estimation of the returns to

schooling). Our contribution is showing that, in conjunction with the existence of child

labor, these forces can cause increased early life investments to have perverse effects and

reduce total welfare. Additionally, modeling these sources provides us with tests for whether

reductions in schooling in response to increases in early life human capital in high child labor

districts are inefficient. We view an educational investment decision as inefficient if it does

not maximize total welfare W2(e;α, h), which is the sum of the parent’s and child’s utilities

(equivalent to setting γ = 1 in Up
2 (e, h)).

Proposition 4a. If γ < 1 or
∂wc

3(h,1)

∂h
<

∂w̃c
3(h,1)

∂h
(where wc

3(h, 0) = w̃c
3(h, 0)), then an increase

in y1 may inefficiently reduce education.

Proof. See Appendix A.

Proposition 4a captures two intuitive circumstances under which the reductions in education

due to the increase in y1 (under Proposition 3a) may be inefficient. The first case γ < 1

captures the idea that an imperfectly altruistic parent who cannot perfectly contract with

her child to capture the returns to her investments during childhood will underweight the

increase in a child’s utility in the future relative to the increase in consumption today. Thus,

an increase in y1 will reduce the parent’s payoff to educating the child, even though the

increase in y1 increases the payoff from education for total household utility. The second

case
∂wc

3(h,1)

∂h
<

∂w̃c
3(h,1)

∂h
captures the idea that dynamic complementarities are hard to observe

and even a perfectly altruistic parent may underestimate them. Thus, the parent will under-

estimate the increase in the returns to education for a child’s adult wages due to an increase

in y1 relative to the increase in the child wages, again leading the reduction in education to

be inefficient.

The final proposition focuses on the case where
∂wc

3(h,1)

∂h
=

∂w̃c
3(h,1)

∂h
and motivates a test

for whether reductions in investment in response to increases in y1 are inefficient.

Proposition 4b. Define the cut-off value for α above which a child is educated as α∗. If
∂wc

3(h,1)

∂h
=

∂w̃c
3(h,1)

∂h
and ∂W2(1;α∗,h)

∂h
> ∂W2(0;α∗,h)

∂h
, then there exists a value γ̄ such that for γ > γ̄,

∂α∗

∂h
< 0.

Proof. See Appendix A.

This proposition focuses on the case where an increase in h increases the net value of edu-

cating the marginal child more than it increases the value of the child working. In this case,

it would be efficient for the marginal parent to respond to an increase in h by investing in

education. If the parent is sufficiently altruistic or sufficiently able to contract with the child
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to capture the return to her investment (γ > γ̄), the value of α needed for a child to be

educated will fall and the marginal child will be educated. In other words, if γ is sufficiently

high, the parent values the child’s adult utility enough that she responds to the increase in

the returns to education by efficiently increasing educational investment. This is easy to see

in the extreme case where γ = 1 and a parent is either perfectly altruistic or perfectly able

to contract with her child. In that case, education levels are never inefficient, and there will

never be an inefficient reduction in educational investment in response to an increase in h.

This proposition indicates that if there is incomplete contracting between parents and chil-

dren, we should see heterogeneity in the response to early income shocks across parent-child

pairs with different underlying incomplete contracting problems.

3 Background and Data

In this section, we describe the datasets used in this paper and report basic facts about

child labor in India. We then provide evidence that early life rainfall shocks increase early

life human capital, consistent with proposition 1, and that this effect is similar in both high

and low child labor districts. Finally, we show that, consistent with the mechanisms in the

theoretical framework, greater human capital (in the form of both height and lagged test

scores) is associated with higher child wages.

3.1 Data Sources and Measurement

This paper utilizes a variety of datasets from India, which we summarize in Table 1. The

summary statistics for our main outcomes of interest are reported in Table 2. For all datasets,

we restrict the sample to include only rural households since rainfall shocks affect incomes

through crop yields.

Annual Status of Education Report: Dropout and Attendance. Our primary measure

of school dropout – our key outcome – comes from the Annual Status of Education Report

(ASER), which surveys households about children’s education from almost every rural dis-

trict in India, including those who are out of school, from 2005–2014. Data are collected

from approximately 500,000 children in each round, and children are surveyed at home in

order to observe both those who have and have not dropped out. Starting in 2008, ASER

also includes additional questions about the economic development of the village, which we

include as controls in robustness checks.

We supplement individual-level dropout measures with school-level attendance measures.

ASER surveyors visit local schools and count the number of children in school that day. In
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order to show that our results are not driven by issues related to the measurement of self-

reported dropout and to incorporate additional intensive margin variation in the attendance

of enrolled children, we also use these classroom observations of the number of children

in attendance at a school as a supplemental outcome.8 We focus on attendance numbers

rather than rates because our framework suggests that enrollment (the denominator in the

attendance rate measure) will be affected by both early life shocks and their interaction with

child labor.

National Sample Survey, Schedule 10: Child Labor and Consumption. We use the

National Sample Survey (NSS) to create our district-level measure of child labor. The NSS

is a repeated cross section of an average of 100,000 Indian households a year, conducted by

the Indian government. We use rounds 60, 61, 62, 64, 66, and 68 (2004, 2004-5, 2005-6,

2007-8, 2009-10, 2011-12) in our analysis. These rounds roughly overlap with our ASER

sample and have a relatively consistent set of district geographies. The Schedule 10 asks for

the “primary” activity of each member in the household and includes categories for school

attendance, wage labor, salaried work, domestic work, and so on. We define a child as

“working” if her primary activity is any form of wage/salary labor, work with or without

pay at a “home enterprise” (usually a farm, but the data also includes other small family

businesses), or domestic chores.9

We use this primary activity variable to generate a district-level measure of child labor,

our key explanatory variable. To create that measure for a round t, we calculate the share of

survey years a district is above the median for share of children reporting working (leaving

out own-survey year t). We leave-out own year since, when we estimate regressions using

outcomes from the NSS, we want to avoid putting the same information on the left and

right-side of the regression. When we merge the measure with the ASER data, we merge in

the child labor prevalence measure for the nearest NSS round. This means we also leave-out

the nearest round of the NSS when we use the measure with outcomes from ASER. While

the ASER data include different children, and therefore, there is no risk of mechanically

putting the same information on the left and right-hand side of a regression, the leave own-

year out strategy still avoids a case where current child labor and a child’s own outcomes

8Since surveyors did not ask the age of every child in each class, we impute the early life shock using
the statutory age-for-grade. While this aligns with the modal age-for-grade, the match is not perfect. For
this reason, we consider the classroom-level effects a secondary outcome. We use school-level data from the
same period as the individual-level data, with the exceptions of 2006 and 2008, since no school surveys were
conducted during these years.

9These categories comprise most of the non-schooling primary activities of children under 18, though
there are other categories that are omitted, such as too young/infirm for work (typically the very old and
very young), and “other,” which includes begging and prostitution.
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are influenced by the same idiosyncratic time-varying district-level shocks.

Using an above/below-median cutoff for high child labor aligns with the model, where

districts are either high or low child labor, and provides us a straightforward benchmark

for calculating the total effect of a shock in a high child labor district. We operationalize

this with the share of rounds a district is above median (which can be thought of as the

probability of being a high child labor district) to help account for the fact that measurement

error could lead a district to be just above or below the median cut-off in a given year. In

practice, 17% of districts are never above median, while 19% are always above median,

so these districts roughly correspond to the top and bottom quantiles of the child labor

distribution. To ensure our results are not an artifact of this specific measure of child labor

prevalence, we also estimate the main results using the leave one-out average share of children

working across all rounds as the measure of child labor. Furthermore, we calculate additional

measures of child labor using the share of rounds a district is above the 20th, 40th, 60th,

or 80th percentiles to explore whether the effects of shocks change monotonically with the

prevalence of child labor.

We also use the NSS to create a pool of potential instruments for the prevalence of child

labor. We exploit the fact that the NSS round 68 asks respondents for their “principal

industry” at a dissagregated level. Our pool of potential instruments is then the share of

adults working in agriculture who report working in each disaggregated agricultural industry.

To corroborate the results generated from the ASER dropout measure, we generate “at-

tends school” as an alternative measure of educational investment using the NSS data. This

variable is generated when the reported primary activity of an individual is “attends school.”

We additionally generate an indicator if the child reports working for a wage.

We also use the NSS Schedule 10 data to measure the contemporaneous and long-run

effects of shocks on consumption. The NSS Schedule 10 captures consumption by asking

households to provide a consumption diary over the past week. We sum over expenditures

in the different categories to arrive at a household consumption measure. Households with

more children on average have lower per capita nominal consumption, both because children

earn fewer resources and because they have lower demands. Since overall total consumption is

therefore not a reliable measure of household welfare, we follow Deaton (1997) and calculate

per capita consumption by weighting children as one-half or one-third of an adult.

To control for potential differences between high and low child labor districts, we also use

the NSS Schedule 10 to generate additional district- and household-level control variables.

Our district-level controls from these data consist of the average wage for adult wage-earners

in the district, the share of adults who work for wages, the share of male and female adults

who are literate, the share who graduated primary school, and the share who have graduated
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from secondary school.

National Sample Survey, Schedule 1: Meals at School and Additional Measures of

Consumption. The NSS Schedule 1 (Household Consumer Expenditure) surveys a (differ-

ent) cross-section of households for the same rounds as Schedule 10 (60, 61, 62, 64, 66, and

68). This dataset gives us an additional source of information on total household consump-

tion. In addition, the survey asks children how many meals they had at school in the past

month. In general, it is difficult to measure intensive margin school attendance at scale since

many census-style surveys only ask binary yes/no questions about enrollment, and time-use

surveys tend to be small. Since many schools in India provide cooked meals (Singh et al.,

forthcoming), we use the number of meals consumed at school to measure if children go to

school at all (any meals at school in the month) and if they go full time (over 20 meals).10

National Sample Survey, Migration Survey. In addition to the NSS Schedule 10 and

1, we also draw on a special migration survey conducted as part of the NSS in 2006-2007.

Unlike other rounds of the NSS, this survey asked households about all members who had

ever left the household, including information on those members’ age. This allows us to

create a dataset that includes both migrants and non-migrants and evaluate the effect of

early life shocks on migration.

Yearly Gridded Rainfall: Variation in Human Capital. The data on rainfall shocks is

from the University of Delaware Gridded Rainfall Data (version 5) for 1957-2008. Following

the literature (Jayachandran, 2006; Shah and Steinberg, 2017), we define a “rainfall shock”

as equal to one if rain is in the top 20th percentile for the district, -1 if it is in the bottom

20th percentile, and 0 otherwise.11 We form an aggregate early life rainfall shock measure

denoted ELR by summing over the shocks when the child is in utero (age= −1), in her first

year of life (year of birth), and in her second year of life. Thus, the aggregate shock variable

ranges from −3 to +3. We match these data to individuals in all the other datasets using

their birth year and district. We assume that people are born in their district of residence

since cross-district migration in India is low (Topalova, 2007; Munshi and Rosenzweig, 2016),

particularly for children (Kone et al., 2018). Furthermore, we verify that migration is not

differential by ELR using the migration supplement to the NSS described above.

10On aggregate, reported meals at school in the NSS is likely under-reporting total attendance, as the
share who report any meals at school is lower than even the most pessimistic estimates of school attendance.

11In India, though flooding occasionally occurs in rural areas, more rain is essentially always better for
crop yields. See Jayachandran (2006), Kaur (2019) and Santangelo (2019) for more discussion of the direct
relationship between rainfall and crop yields.
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India Human Development Survey. We use the India Human Development Survey (IHDS),

a panel dataset that was implemented in 2005 and 2012, for additional data on child wages

and their correlation with measures of child human capital. The IHDS is a nationally rep-

resentative, multi-topic panel survey whose rural section took place in 1503 villages across

India. This survey measures child height, weight, and cognitive abilities, and these data

allow us to provide evidence for the model’s key assumption that children with higher early

life human capital are more productive at child labor (as proxied by the wages they earn in

the market). In the case of test scores, since cognitive skills may depreciate once children

dropout and tests were only administered to children 8–11, we do so by estimating the asso-

ciation between test scores in Round 1 of the panel and wages in Round 2.12 For consistency,

we use second round outcomes in all our regressions since we use children’s cognitive scores

in the first round as controls in some specifications.

Unified District Information System for Education: Educational Quality. To obtain

measures of educational quality at the district-level, we draw on the 2005 round of the

Unified District Information System for Education (DISE), which was developed by India’s

National University for Educational Planning and Administration. We draw on this round

to align the measures of school quality with the first year of ASER data (the dataset of

our main outcome variable). These data allow us to observe the percent of schools with

single classrooms and teachers, the percent with student-teacher ratios greater than 60, the

percent of primary schools with boys and girls toilets, the percent with blackboards, the

percent without buildings, and the average number of textbooks per school at the district-

level, all of which we use as controls for school quality.

3.2 Background on Child Labor in India

Officially, child labor for children aged 14 and under has been banned in India since 1986.

However, the ban covers only certain industries and has not been well-enforced.13 The

main employers of child labor, agriculture and family-run businesses, are exempted from the

ban. Beyond the various exemptions, the ban itself may have increased child labor through

negative income effects (Bharadwaj et al., 2013).

12All children aged 8–11 in the IHDS completed short writing, reading, and arithmetic tests as part of the
survey regardless of whether they were in school.

13Industries where child labor is banned include occupations involving the transport of passengers, catering
establishments at railway stations, ports, foundries, handling of toxic or inflammable substances, handloom or
power loom industry, and mines. Processes banned include hand-rolling cigarettes, making or manufacturing
matches, explosives, shelves, and soap, construction, automobile repairs, and the production of garments
(Bharadwaj et al., 2013).
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Overall, child and adolescent labor are common in India, as is the case in many low-

income countries. In our data, 10% of children aged 5–17 report working as their primary

or secondary activity. This statistic can be considered a lower bound for the extent of child

labor since it typically captures children who spend the majority of their time working and

may not include those who still spend a substantial fraction of their time on work or domestic

labor. While 30% of individuals 15–17 report working as their primary activity, child labor is

not driven entirely by older children who have aged out of school. Among adolescents, 18%

of children aged 13–15 work. Likewise, UNICEF (2011) estimates that 28 million children

in India aged 5-14 are engaged in work.14

Figure 1 maps the variation in the percent of children 5-17 (across all NSS rounds) who

report working as their primary activity across Indian districts. The figure shows that there

is substantial geographic variation in child labor and that areas with a high prevalence

are scattered throughout the country. The most common industries for these children are

agriculture and domestic duties, and children both work in the labor market for pay and

part-time at home or on family farms. Among children aged 5–17 who report working as a

primary activity, the most frequent types of activities are domestic duties (28%), working as

an unpaid helper in a household enterprise (24%), and working as a causal laborer outside

of the household (21%).

3.3 Early Life Rainfall and Human Capital

Having described the data and background on child labor in India, before turning to our

main empirical strategies, we provide evidence on two key preliminaries. In this subsection,

we document the link between early life rainfall and early life human capital investment,

which we will exploit for identification. In the next subsection, we examine whether children

with greater human capital appear to have a greater opportunity cost of schooling, consistent

with the key mechanism in the theoretical framework.

To test the implications of the model, we use early life rainfall shocks as a proxy for shocks

to early life human capital. The existing literature provides a strong argument that positive

rainfall shocks increase yields, increasing parental wages. To give a sense of the magnitude

of our shocks, Jayachandran (2006) uses the same measure and finds that a positive rainfall

shock is associated with an increase in crop yields of 7%. Although our samples cover

different years, we find a similar effect in our data: a positive rainfall shock is associated

with a 7% increase in current consumption, with a standard error of 1.2%. Intuitively, and as

indicated by Proposition 1, higher parental wages should lead to higher early life investment.

14For domestic work to count under this definition, a child must be engaged in domestic work for over 28
hours per week.
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Parental investments could take many forms, including increased nutrition for the child or for

pregnant or breastfeeding mothers, increased medical care during infancy, and more parental

time spent fostering development. Proposition 1 has empirical support beyond this project,

as shown by Maluccio et al. (2009), Maccini and Yang (2009) and Shah and Steinberg (2017).

Figure 2 shows the relationship between the aggregate early life rainfall shock (ELR)

and height for children and adolescents aged 5 to 17 in the IHDS 2012 separately for places

with more and less child labor. To allow us to visually evaluate whether the relationship

between ELR and height varies by child labor, we divide districts up into those that have

above median child labor either more or less than 50% of the time.15 This figure plots

the relationship using residual variation after conditioning on age and district fixed effects.

There is a clear positive relationship between early life rain and height in childhood, which

is indicative of increased health investments for children who experienced higher early life

rain. This effect does not vary with child labor prevalence, indicating that Proposition 1

holds in both cases and that differences between the effects of early life rainfall on medium

and long-term outcomes across districts are unlikely to be driven by differences in the effects

of early life rainfall on human capital investment.

3.4 Human Capital and Child Wages

Having established that ELR increases early life human capital, we next explore whether

greater human capital is associated with greater child productivity. While productivity is

hard to observe in most cases, we observe a proxy for productivity – wages – for the selected

sample of children who work for wages. We focus on test scores and height as observable

proxies for human capital – which are likely to be correlated with human capital (including

health) more broadly. Appendix Table A1 reports results from hedonic regressions of child

wages (conditional on working for pay) in the IHDS 2012 on height and lagged test scores.

The substantial reduction in the sample size in column 3 is due to the fact that we use test

scores from the first round of the survey as a control. This restricts us to children aged 15-17

in 2012 because test scores were only collected for children 8-11 in the first (2005) wave of

the survey.

For both measures of human capital, we find a strong positive association between early

human capital and child wages: a 1 sd (18 cm) increase in height is associated with a 11%

increase in wages, while a child who answers one more math question correctly receives a 5%

higher wage. While we caution that, due to selection into working, these regressions should

not be interpreted as causal measures of the effect of human capital on the opportunity cost of

15As with ASER, the measure of the share of rounds with above median child labor is the leave-one out
measure from the most proximate NSS round.
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schooling, these descriptive results are consistent with greater human capital increasing the

opportunity cost of schooling. While wages provide us with a useful observable measure of

productivity, the same mechanisms are likely to be important for children who work without

wages (e.g., on family farms). Though we cannot observe marginal products in these cases,

it is still likely that labor productivity grows with human capital.16

4 Empirical Strategy

The theoretical framework predicts that the effects of early human capital investments on

later schooling investment will depend on the opportunity cost of children’s time. In subsec-

tion 3.3, we established that rainfall shocks experienced in utero and in the first two years

of life provide exogenous variation in the stock of early human capital. In this section, we

outline the OLS and IV empirical strategies for the remainder of the paper.

OLS Strategy. In the primary OLS specifications, we estimate the following regression

yidmtag = β1ELRdta + β2ELRdta × CLdt + τdmt + τa + τg + ϵidmtag (1)

where yidmtag is an outcome measure (i.e. dropped out, attends school, consumption) for

individual i in district d in month m and year t at age a of gender g, ELRdta is individual

i’s early life aggregate rainfall shock, CLdt is a measure of child labor in district d in year

t, τdmt is a district-month-year fixed effect, τa is an age fixed effect, and τg is a gender fixed

effect. As mentioned above, CLdt is a variable for the share of rounds (leaving out round

t) that an above median share of the district’s children work. β2 can be interpreted as the

differential effect of early life shocks in a district that always has an above median share of

children working. We refer to these districts where CLdt = 1 as “high child labor districts”

and districts where CLdt = 0 as “low child labor districts.” We also report β1, the average

effect of the aggregate early rainfall shock in low child labor districts, and β1 + β2, the total

effect of a positive early rainfall shock in high child labor districts.

For educational outcomes, the estimates of β1, β2, and β1+β2 provide tests of the different

propositions from the theoretical framework. For example, in the case of dropout, where a

positive coefficient indicates that a child receives less education, Proposition 2 states that

16We cannot directly test if early life rainfall causally increases children’s productivity or whether this
effect is greater in higher child labor districts. This is because, as we will show, early life rainfall (1) affects
the probability of a child working, and (2) does so with a different sign in high and low child labor districts.
As a result, estimates from regressing wages on early life rainfall and its interaction with whether a child is
in a high or low child labor district may be driven by marginal children (with lower wages) moving into and
out of working.
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β1 < 0 is evidence in favor of dynamic complementarities. Proposition 3b indicates that β2

should be positive, consistent with the opportunity cost effect at least attenuating the positive

effects of early life rainfall on human capital in high child labor places. Finally, Proposition

3a predicts that β1 + β2 > 0, indicating that a positive shock reduces human capital in high

child labor districts if the returns to human capital in child labor are sufficiently great.

District-time and age fixed effects ensure that the estimates are identified from within-

district within-cohort variation. Thus, fixed differences across districts (such as experiencing

drought more or less often) will not drive the results. Rather, the identifying assumption for

β1 is that, conditional on country-level changes in rainfall patterns over time, deviations from

district-level average rainfall are not associated with other time-varying district-level char-

acteristics that may affect children’s outcomes. This is the standard identifying assumption

from Shah and Steinberg (2017) and Maccini and Yang (2009).

Interpreting β2 as measuring the causal effect of the interaction between child labor

and early life rainfall shocks requires the additional assumption that there is no important

district-level characteristic associated with child labor that also leads rainfall to have dif-

ferent effects in high and low child labor districts. While this assumption is strong, we

note that it is hard to develop an alternative explanation for why increasing ELR, which

we have shown increases early life measures of human capital in both high and low child

labor districts, would have net negative effects on educational outcomes in high child labor

districts. Hence, even if the point estimates are biased, we view an estimate of net negative

effects of ELR on education in high child labor districts as strongly favoring our theoretical

framework. Nonetheless, to ensure our results are robust, we pursue two additional strate-

gies. First, we introduce an instrumental variables identification strategy below. Second, in

Section 7, we describe a series of robustness tests, including the inclusion of a large array

of controls in both the OLS and IV strategies, supporting the argument that β2 is driven

by the interaction between child labor and ELR rather than ELR’s interaction with other

district characteristics.

Finally, one potential concern for interpreting the effects of ELR as being driven by

earlier human capital investments is that there may be a direct long-run effect of early life

rainfall shocks on individuals’ outcomes (e.g., if families use the windfall to buy investment

assets). District-time fixed effects help control for this since the fixed effects compare families

who have faced the same past rainfalls (but whose children received different shocks during

the critical period around birth). We also show our results are robust to the inclusion of

household-time fixed effects, which fully capture all income and savings differences across

households. For our analysis of consumption, district-time fixed effects have the additional

benefit of controlling for seasonality (Merfeld and Morduch, 2023).
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IV Strategy. We also present results from an IV strategy. In addition to helping address

the concern that the OLS results are driven by omitted variable bias, the IV addresses

the possibility of attenuation bias due to measurement error. As is well-known, classical

measurement error in the explanatory variable will bias the coefficient toward zero in an

OLS regression (but not an IV). In our setting, since child labor prevalence is measured with

noise, we expect the IV to deliver larger estimates that do not suffer from attenuation bias.

The IV exploits technological variation in children’s comparative advantage in working.

Children have a relative advantage in some crops due to the nature of the tasks associated

with planting, weeding, and harvesting. For example, cotton is known as a child labor crop

because it is low to the ground and very lightweight (Levy, 1985). Crop mix across regions in

India is mainly driven by agroclimatic conditions, such as average temperatures and rainfall,

as well as soil requirements (Krishna, 2014). Thus, agroclimatic conditions create variation

in the prevalence of child labor. To exploit this variation, we use information on the share

of adult agricultural labor employed in each disaggregated agricultural industry to predict

CLdt.

Figure 3 graphs the coefficients from a regression of CLdt on measures of crop importance

(the potential instruments) for the crops that make up a non-negligible share of adult agri-

cultural employment (>1%). Crop importance is measured as the share of adult agricultural

employment in a district in an agricultural industry at the 4-digit NIC code level. We show

more common crops since there are a large number of crops with close to zero agriculture

employment shares. The size of the markers denotes the share of adult agricultural labor

in a given crop. Reassuringly, cotton is the strongest predictor of child labor among these

crops. In contrast, crops that require brawn and height, such as tree crops (coconuts, rubber,

bamboo) are negatively associated with child labor.

Having confirmed that adult crop mix predicts child labor in ways that are consistent with

children’s comparative advantage, to identify instruments in a principled way and maximize

statistical power, we follow the IV-lasso methodology proposed by Belloni et al. (2012) and

use lasso to choose the set of instruments that best predict CLdt. To maintain consistency,

we select crops once using our main outcome, dropout in ASER (the first stage of the IV

regression in column 3 of Table 3) and then use the same set of instruments throughout the

analysis. The second stage regression is the same as equation (1) above.

In practice, the lasso selects cotton, sugar cane, rice, cattle and buffaloes, sheep and

goats, wheat, jowar/bajra/millets, other cereals, and other oil seeds as instruments. Notably,

cotton and sugar – for which children are thought to have a comparative advantage – are

selected. Appendix Figure A1 maps the geography of predicted child labor given the crop

shares and the crops selected as instruments. For comparability with the raw data in Figure
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1, we predict the mean child labor prevalence rather than the share of rounds child labor

is above median. The figure confirms that the instruments generate substantial geographic

variation.

5 Key Outcomes During Childhood: Education, Work, and Consumption

In this section, we test the main propositions of the model. Based on Proposition 2, we

expect that if there are dynamic complementarities, early life shocks will increase educational

investment in districts with low child labor. In districts with high child labor, this effect will

be attenuated (Proposition 3b) and may even be reversed (Proposition 3a). We test these

predictions for our key outcome, dropout, as well as a measure that may be more sensitive

to intensive margin changes in educational investment, classroom-level attendance, in the

ASER data. We then verify that the same patterns appear in self-reported enrollment and

meals in school (a proxy for attendance) in the NSS data. Furthermore, we show that the

results are not sensitive to the specific choice of measure of child labor prevalence. Finally,

we provide additional evidence in favor of the mechanisms in the model by examining the

heterogeneous effects of rainfall shocks on working for a wage and household consumption.

Dropout (ASER). Table 3 reports the effects of early life shocks on dropout in the ASER

data, as well as their interaction with the measure of child labor prevalence (see equation

(1)). Column 1 reports the average effects of early life rainfall, while column 2 reports

the differential effects using OLS, and column 3 reports the differential effects using the

IV specification. The “total effect” row at the bottom of the table reports the aggregate

effect of rainfall shocks in districts whose CLdt measure is equal to 1. The results confirm

the predictions of the theoretical framework. Consistent with Proposition 2, and with the

presence of dynamic complementarities, an increase in ELRdta reduces dropout in low child

labor districts (β1). In contrast, the interaction of ELRdta with high child labor prevalence

(β2) is positive. The human capital-boosting effects of early life rainfall shocks in low child

labor districts are attenuated as child labor becomes more prevalent. Indeed, this effect is

strong enough that on net, children who experience positive early life human capital shocks

in high child labor districts are more likely to have dropped out than their counterparts who

did not experience these shocks (β1 + β2 > 0). The IV and OLS results are qualitatively

similar, though the IV estimates are larger in magnitude for both high and low child labor

districts.17 The fact that early life shocks increases dropouts on net is strong evidence for

17Motivated by the fact that girls tend to receive less educational investment than boys in India (Lancaster
et al., 2008; Himaz, 2009; Azam and Kingdon, 2013), Appendix Table A2 estimates the effects of the rainfall
shocks on dropout separately by gender. Both boys and girls are significantly affected by the interaction of
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the importance of opportunity costs. Many of the other potential differences between low

and high child labor districts, such as school quality or norms about educational investment,

might attenuate the positive effects of early life shocks, but are unlikely to reverse them.

The estimates in column 3 of Table 3 imply that getting one positive early life rainfall

shock relative to a negative one (a change in ELR of +2), in a low child labor district, reduces

dropout by 1 percentage point (30%). Adding the enrollment effects over a child’s life implies

that total years of schooling increases by 0.14 years. In contrast, a positive rainfall shock

instead of a negative one increases dropout by 0.64 percentage points (18%) in high child

labor districts. Adding up the enrollment effects implies a reduction in years of education

of 0.08. Shocks in this range are extremely common in the ASER sample: 28% of children

have a ELRdta measure of -1 in our sample, while 17% have a shock of +1.18 Indeed, even

larger variation in ELRdta affects a still substantial part of the sample; for nearly 15%, the

absolute value of ELRdta is greater than or equal to 2. Hence, moving from the 5th to 95th

percentile of ELRdta in a high child labor district would increase dropout by 1 percentage

point (30%).

To put these effect sizes into perspective, Duflo (2001) finds that receiving one more school

per 1,000 children in a district in Indonesia increased male education by 0.12 years. Thus,

the reduction in education in high child labor districts caused by receiving a positive early

life rainfall shock instead of a negative one is on the order of two-thirds the effect of receiving

another school per 1,000 children in Indonesia. Altogether, these effects are economically

meaningful but, unsurprisingly, not as substantial as those of a large-scale school construction

program. Indeed, we would not expect a single year’s rainfall in early childhood to have

dramatic effects on a child’s outcomes. However, by studying these shocks, we hope to not

only identify an economically important shifter of human capital investment but also improve

our understanding of households’ human capital investment decision-making.

One potential concern is that our results are an artifact of our specific zero-one measure

of the district-level prevalence of child labor. In Table 4, we report the results using the

continuous variation in the share of children in each district who report working as a primary

activity in the NSS. The qualitative pattern of the results is the same: children who receive

positive shocks in low child labor districts are less likely to dropout, while the effects of

early life rainfall shocks in high child labor districts, though the effects are more pronounced for girls. One
potential explanation for this heterogeneity is that girls are – on average – less likely to care for parents
in their old age and are therefore more likely to experience incomplete contracting problems with parents.
We further explore whether incomplete contracting problems lead to inefficient investment in response to
increased human capital in Section 8.

18Mechanically, from 1957 through 2014 20% of district/years have positive shocks and 20% have negative
shocks. Our sample children happened to have been born during a relatively dry time in India. For children
born after our sample rainfall has reverted back to it’s long-run likelihood of positive shocks.
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these shocks attenuate and are eventually reversed in higher child labor districts. We can

also evaluate if the estimates are quantitatively similar to those with our preferred measure.

A district that always has a below median share of children engaged in child labor has an

average share of children engaged in child labor of 3.9%, while a district that is always above

median has an average share of 16.5%. Comparing the OLS estimates for dropout across the

two tables shows that the implied magnitudes from the two measures are almost identical.

Based on Table 4, a 1 unit increase in the early life rainfall shock in a low child labor district

reduces the likelihood of dropout by 0.28 percentage points; the estimated effect in Table

3 is 0.29 percentage points. Similarly, the implied effect from Table 4 for the always above

median districts is +0.12, identical to the value in Table 3. As the two measures of child

labor prevalence deliver nearly identical results, for ease of exposition, we only report results

for the share of rounds a district is above-median for the remainder of the paper.

As described previously, for our main specification, we use child labor shares in other

survey rounds and exclude the current round to proxy for current child labor prevalence.

This helps to avoid bias from common contemporaneous shocks that affect both the child

and their neighbors (Manski, 1993). An alternative is to instrument current child labor

shares, either with the leave-out-mean or with crop shares. Appendix Table A3 shows our

results are similar for our key measure, drop out, using this approach.

Finally, we explore how the effects of early life rainfall on drop out change with age. We

allow the effects of ELRdta to vary by age in equation (1) and include controls for age-by-sex,

age-by-district, and age-by-year fixed effects to account for potentially differential effects of

age across different types of districts or over time. Figure 4 reports the estimated total effect

of a 1 unit increase in ELRdta in a district that always has above median child labor for both

the OLS and IV specifications. In both specifications, at younger ages, an additional positive

early life shock has small effects on dropout, but these effects increase dramatically for older

children over the age of 14 (the group that is more likely to be on the margin of child labor).

While we do not directly model dropout decisions by age in our theoretical framework, we

interpret this figure as evidence in favor of our proposed mechanism; dropout is concentrated

among older children for whom the returns to working are likely to be relatively high.

Attendance (ASER). In rural India, actual attendance rates may be low even if children

are officially enrolled in school. Thus, we also estimate effects on the school-level measure

of attendance, which captures both extensive and intensive margin changes in educational

investment. The results are again consistent with the predictions of the model. Columns

4-6 of Table 3 show that a positive early life shock increases attendance in low child labor

districts (0.35 children per classroom in the IV specification, around 2% of the average
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enrollment). These positive effects attenuate as child labor becomes more prevalent, and in

high child labor districts, positive shocks significantly decrease attendance (0.46 children per

classroom, or 2%).

Alternative Measures of Child Labor Prevalence. While the baseline regressions

measure CLdt as the leave-own out share of surveys where child labor is above-median, our

results are robust to alternative choices. In Figure 5, we report our primary estimate from

Table 3, the total effect of an early life shock on dropout in a high child labor district,

using different cutoffs besides the median for calculating the share of rounds a district is

above the cutoff. In this case, a “high child labor district” is a district that is always above

the cut-off given by the x-axis. We plot the total effect using 20th, 40th, 60th, and 80th

percentile cut-offs. As the cut-offs grow, the total effect on dropout in high child labor

districts monotonically increases. In the IV specification, there is an insignificant effect

of 0.0005 with a (very low) cutoff at the 20th percentile that grows to an effect of 0.009

for districts above the 80th percentile of the child labor distribution. This implies that

districts with the most child labor experience the strongest increase in dropout in response

to positive early life shocks. While not a formal prediction of the model, this is in line the

logic of Proposition 3b that the positive effects of early life shocks on dropout are increasing

with the returns to child labor.

Alternative Schooling Measures (NSS). We also reproduce our benchmark results

from the ASER data using alternative schooling measures in the NSS. In columns 1–3 of

Table 5, the outcome measure is an indicator variable for responding “attends school” to the

question about a child’s primary activity.19 The results are similar to those in ASER. Early

life rainfall shocks increase self-reported enrollment in low child labor places, this positive

effect declines with increases in child labor, and in high child labor places, the effect reverses

and becomes negative (albeit not significant). Lower precision in the NSS is not altogether

surprising since it contains data for many fewer individuals than ASER.

Columns 4-6 report the results for eating any meals at school in the previous month, an

alternative proxy for school attendance. Columns 7-9 report results for eating over twenty

meals at school in a month, a proxy for more intensive attendance. The same pattern emerges

for meals as self-reported school attendance, though the total effect in high child labor places

is now significant in our IV specification. One natural question is how much of the effect of

early life shocks matters at the intensive versus extensive margin. The total effects in our

19Because virtually all children are either coded as attending school or working (as we define it) for their
primary activity, the results with working as the primary activity would be nearly identical except with
flipped signs.
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IV specification are similar for any meal and more than 20 meals (around a .01 decrease in

high child labor districts), suggesting that the response to increased human capital is likely

driven by extensive margin dropout.

Working for a Wage and Consumption (NSS and IHDS). In the model, when

positive early life shocks decrease education, it is because children are generating resources

for their families. To shed light on this mechanism, we now estimate equation (1) with

an indicator variable for working for a wage as the outcome. Appendix Table A4 reports

the results using the NSS and the IHDS. In both data sets, we find that early life shocks

reduce working for a wage among children in low child labor districts, consistent with the

increases in education we observed in ASER and the NSS. On the other hand, this reduction

in working attenuates as CLdt increases and the total effects in high child labor districts

are positive in most data sets and specifications. An important caveat to focusing on wage

labor is that children do not only generate resources by working for a wage; we expect home

production (including on the family farm) to be important as well. Hence, these estimates

may underestimate the extent to which children work in response to positive early life shocks

in high child labor districts.

In order to have an omnibus measure that reflects the resources generated by children,

including by home production, we look at the effect of early life shocks on consumption.

Appendix Table A5 reports the effect of children’s early life rainfall shocks on households’ per

capita consumption. Since consumption is measured at the household level, each observation

is a household. Our aggregate rainfall shock measure now sums over the ELRdta measures of

all children aged 5-17 in the household, and we include controls for the number of children.

Households with children who received more positive early life rainfall shocks have lower

consumption per capita in low child labor districts (consistent with children attending more

school). This attenuates with increases in child labor prevalence and becomes positive across

all specifications (albeit not significantly so) in high child labor districts. These results

are consistent with the model assumption that
∂wc

2,high

∂h
>

∂wc
2,low

∂h
, though we caution that

household consumption will not capture the latent productivity of children who do not

work.

Taken together, the results in this section show an extremely consistent pattern across a

range of different outcomes from different data sets. Children who have experienced positive

early life shocks in low child labor districts invest more in education, consistent with dynamic

complementarities. However, when child labor is more prevalent, this positive effect attenu-

ates, and in districts with high child labor, this relationship is reversed. In these districts,

children with higher initial shocks to human capital have lower human capital investment
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and instead provide resources to their family.

6 Long-Term Effects: Adult Consumption

While ELRdta may decrease educational attainment in high child labor districts, it is not

obvious that this reduction in education has negative long-term effects. If the schools are

of low quality, or if increased experience counteracts the decline in education, then the shift

from school to work may not matter in adulthood. In this section, we test for long-term

effects on household consumption.

To measure the effects of early investment on long-run outcomes, we study the con-

sumption of households whose heads faced different early life shocks. Since consumption is

measured at the household-level, we calculate the exposure of a household to early life shocks

using the shock of the male household head.20 Table 6 reports the results. Columns 1-3 as-

sume children’s consumption is one half an adult’s consumption, while columns 4-6 assume

that children’s consumption is one third an adult’s consumption. Focusing on column 3,

ELRdta increases long-run per capita adult consumption in low child labor places by 0.59%

due to a combination of the direct effects on early life investment, as well as subsequent

increased schooling. The interaction of early life shocks with high child labor significantly

decreases consumption (by 1.1%), enough that the net effect (0.47%) is significantly nega-

tive. Adding up over a child’s life, this implies that switching a child from one early life

drought to a year with good rainfall lowers her schooling by 0.08 years. Columns 4-6 show

that the results are similar under the alternative measure of household consumption.

A potential concern is that this specification assumes household heads are still living in

their district of birth: in the consumption modules, the NSS asks household heads about

their current district but not their birthplace. If rainfall shocks lead to differential migration

in high and low child labor districts, then this could induce bias in estimates of the effects

of shocks on long-run consumption. To address this, we estimate the differential effects of

ELRdta on migration, exploiting a 2007 round of the NSS that asked households detailed

questions about out-migrants.

Appendix Table A6 reports the average and differential effects of ELRdta on an indicator

variable coded as 1 for any male that the household reports has out-migrated to a sepa-

20In 7% of households which have an adult male present, the reported household head is a woman. For
those households, we use the shock of her husband or the oldest working-age male in the household. Our
approach implicitly assumes that child labor prevalence is persistent over time, even out-of-sample. That is,
when looking at adults today, we assume that the districts that are high child labor today were also high
child labor when those adults grew up (prior to the period for which we have data). Consistent with this
assumption, the correlation of the share of children working across rounds is stable over time at about 0.5,
with little decay for farther apart rounds. Idiosyncratic variation such as weather or economic shocks (Shah
and Steinberg, 2017), as well as sampling bias, likely explain the time-variant portion of the variation.
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rate district. One limitation of this measure is that it does not capture households where

all household members have migrated out-of-district together. However, to the extent that

parents are often left behind in rural India when young men migrate either seasonally or per-

manently for work (Chakraborti, 2004), we will capture much of the relevant migration. We

focus on males because this is the relevant group for the long-run consumption regressions,

which exploit variation in the male household head’s shock. On average, ELRdta has a very

small and insignificant effect on the migration rate, and there is no evidence that ELRdta

has differential effects on migration in high child labor districts. Since the results suggest

that the scope for bias is small, we conclude that it is unlikely to be driving our consumption

results.

7 Robustness to Alternative Explanations

We now explore alternative explanations for our estimates of β2. In the first subsection, we

control for a variety of district-level covariates that may be associated with the prevalence of

child labor and may also lead ELRdta to have heterogeneous effects. In the second subsection,

to account for the possibility that positive values of ELRdta affect work and schooling through

savings, we control for household fixed effects and compare the outcomes of two children in

the same household at the same time. Finally, in the third subsection, we directly test

whether returns to education are different in high and low child labor areas.

7.1 Controlling for Differences Across Districts

Districts with high child labor prevalence might be different than those with low child labor.

For example, one might expect high child labor districts to be poorer, though this is not

always the case in India, where cotton-growing regions like Gujarat are relatively wealthy and

have high child labor. To understand the potential for omitted variables to be driving the

results, in Appendix Table A7, we interact early life shocks with a variety of measures of local

income, adult education, school quality, and socioeconomic factors.21 In column 2, we control

for measures of income: the average wage of adults, the share of adults and household heads

who work for a wage, and the share of adults working in agriculture. In column 3, we control

for measures of adult education: literacy and graduation rates. In column 4, we control for

the available measures of school quality, described in Section 3.1. Column 5 controls for local

21Due to all of these interactions, it is difficult to interpret the coefficient for the (residual) direct effect
of early life shocks, and so we omit it from the table, though it is included in the regression as a control.
For all the district-level controls, for consistency with our child labor measure, we include when possible the
leave-out share of rounds a district has above the median value. In cases where we only observe one round
of data (e.g., DISE), we use an indicator for being above median. Using the mean values for these variables
delivers very similar results (available on request).
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caste and religion: district level measures of the share of people from “scheduled” or “other-

backwards” castes, the share who are Hindu, Muslim, or Christian, and a state-level measure

of the share of people who practice purdah.22 Column 6 includes measures of village-level

development from ASER: indicators for if it has electricity, a tarred metal road leading to it,

a post office, a pds ration shop, a bank, a government primary school, a government middle

school, a government secondary school, and a private school. Because these questions were

not asked in all ASER rounds, there is a substantial decline in the sample size. In column

7, we select from all of the above controls following the post-double selection lasso method

(Urminsky et al., 2016); this machine learning procedure selects only the controls that are

most predictive of the outcome and key endogenous variable, addressing potential concerns

about the inclusion of too many interactions simultaneously. Across all specifications, the

regression results for β2 are nearly identical to the baseline results, shown in column 1.

Appendix Table A8 repeats this exercise for the IV strategy. In column 7, we use the

same set of controls as chosen by the double lasso procedure in Table A7. While the estimate

is less precise in column 7, consistent with the much smaller sample size, the point estimate

of interest is insensitive to the inclusion of different sets of controls.

7.2 Specifications with Household Fixed Effects

In the second robustness test, we include household fixed effects in equation (1) to account

for alternative channels through which shocks may affect household outcomes, such as sav-

ings. Including household fixed effects means that the estimates are identified by the gap in

the outcomes between two siblings who received different shocks in the same household. Ap-

pendix Table A9 shows that the main results are robust to this more stringent specification,

with the point estimates almost identical to those without the household fixed effects.

7.3 Differing Returns to Education

An alternative explanation for our results is that parents in high child labor areas respond

less positively to early life shocks because the returns to education are differentially low in

high child labor areas. That said, while lower returns to education in higher child labor

districts could attenuate the positive effects of early life shocks, they would not on their own

explain the overall negative effects of early life shocks on education that we observe in the

data. To evaluate the potential for differential returns to education, we use the IHDS 2012

data to measure the effect of an additional year of schooling on log per capita consumption in

22Practice of purdah is drawn from the IHDS, and the inclusion of this control reduces the sample since
it is not available for every location.
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high and low child labor districts.23 An important caveat is that the observational Mincerian

returns estimates may not be causal. Appendix Figure A2 shows nearly identical positive

slopes on years of education in high and low child labor districts. Thus, the Mincerian

returns to education appear to be similar regardless of child labor prevalence.

We can also use our estimated effects of the relationship between early life shocks, school-

ing, and later-life consumption to guide measures of the return to schooling. Focusing on low

child labor districts in column 3, Table 3 shows that one positive early life shock (relative

to a neutral year) is associated with an increase of 0.07 (=0.0054×13) years of schooling,

and Table 6 shows that it is associated with an increase in consumption of 0.59%, for an

estimated return to schooling (plus the direct benefits of the early life shock) of 8%. In high

child labor districts, early life investment is associated with 0.042 (=0.0032×13) fewer years

of school and 0.47% less consumption, for a return to schooling (again gross of the direct

benefits of the early life shock) of 11%. These results imply that the returns to schooling are

similar in high and low child labor districts, and if anything might be higher in places with

more child labor.24 Reassuringly, these implied estimates of the return to schooling are in line

with other estimates from low-income countries (Duflo, 2001; Patrinos and Psacharopoulos,

2020; Khanna, 2023).

8 Discussion: Are Parents Making Efficient Decisions?

We now consider whether households are inefficiently reducing children’s human capital in

high child labor districts in response to positive rainfall shocks. If this is the case, since

ELRdta strictly increases a child’s early human capital, it may be that children and/or their

parents are not making efficient decisions about the trade-off between schooling and work.

In this section, we provide two tests for efficiency.

We first test whether the shocks have different effects on oldest sons, who are more likely

to stay in the household as adults and care for parents in their old age, easing contracting

frictions. If the outcomes of eldest sons in high child labor districts more closely resemble

those of children in low child labor districts, this is evidence in favor of inefficient investment

responses to shocks due to contracting frictions. Second, we back out the discount factor that

rationalizes the short-run increase in consumption with the long-run decrease in consumption

23We use the IHDS rather than the NSS because the NSS does not collect data on years of schooling.
24We can use the difference in the effects of an early life shock across high and low child labor districts

in order to estimate the returns to schooling net of the direct benefits of early life shocks (assuming the
direct benefits are the same across places). The difference in schooling is 0.11 years (=0.0086×13), and the
difference in consumption is 1.1%, implying a return to schooling of 10%. This is well within the range of
standard estimates, though the identification here is from children induced to drop out because of opportunity
costs, instead of the more standard approach of using policy variation that encourages children to attend
more school (Card, 2001; Duflo, 2001).
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that we observe in the data in high relative to low child labor places. Our estimate suggests

that a quite low discount factor would be needed for behavior in high child labor areas to

be efficient. We conclude that not only does child labor prevalence reduce and even reverse

the educational benefits of early life shocks, but this reduction is welfare-reducing.

8.1 Oldest Sons

Motivated by Propositions 4a and 4b, we examine whether the interaction of CLdt and

ELRdta has heterogeneous effects for eldest sons. From these propositions, we know that

if parents are imperfectly altruistic, increased early life investment may inefficiently reduce

educational investment. This is because parents will value the earnings from a child working,

which they can expropriate today, more than the gains to a child’s future income, from which

they may not benefit. If a child could contract to share his future earnings with parents,

parents would be more likely to make efficient educational decisions.

As Proposition 4b shows, if parents are imperfectly altruistic, we expect the effects of

early life shocks to be more positive in high child labor places for children for whom inter-

generational incomplete contracting problems are likely to be small (e.g. when the altru-

ism/contracting parameter γ is sufficiently high). Cultural traditions where specific children

provide parents with old age support are one informal mechanism to solve this incomplete

contracting problem (Bau, 2021) and can generate variation in incomplete contracting prob-

lems across children in the same household. In India, oldest sons are expected to care for

parents in their old age (Dyson and Moore, 1983; Gupta, 1987). Jayachandran and Pande

(2017) provide evidence that this is associated with son preference and greater investment in

oldest sons. Since incomplete contracting problems with oldest sons are likely to be smaller,

we can test whether the impact of early rainfall shocks depends on the strength of incom-

plete contracting problems by examining how these shocks interact with birth order among

boys.25

Estimating heterogeneous effects for eldest sons in ASER is complicated by the fact

that ASER does not collect data on birth order – only age – and only collects information

on children aged 5-16. As a result, it is unclear whether the oldest surveyed son is truly

the oldest son in the household, as opposed to the oldest of the sons for whom data were

collected. Before proceeding to the main analysis, to assess the degree to which this is likely

to lead to miss-assignment of eldest sons, we use the NSS migration survey to estimate

25In terms of the model, we interpret γ as higher for oldest sons relative to other children. If the educational
investment in response to greater early life human capital investment is inefficiently low, then raising γ also
raises educational investment. Thus, if we observe that early life rainfall shocks have different effects on oldest
sons versus other children in high child labor districts, this provides evidence that parents are inefficiently
reducing educational investment in response to rainfall shocks for the other children.
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the likelihood that the oldest of the male children of the head aged 5-16 in the household

roster is actually the head’s oldest son. The “No Migrants” column of Appendix Table A10

reports the probability considering family members who still live at home, and the “Including

Migrants” also includes out-migrant sons.26 Younger boys who are assigned to be eldest are

the true eldest with a high probability, while by age 16, the probability a son is the true

eldest is below 50% when accounting for migration. If the oldest son surveyed is a 13 year

old boy, the odds that he is the true oldest son are around two-thirds. This makes intuitive

sense. For a very young child’s elder brother to not be in the household, the two children

must have an extremely large age gap or the elder brother must have migrated at a very

young age, both of which are unlikely. Motivated by the results in Appendix Table A10, in

our estimates of the heterogeneous effects of birth order in ASER, we report estimates for

households where the oldest child is younger than either 13 or 14, though the results are

robust to other cut-offs.

We estimate the heterogeneous effects of ELRdta and CLdt on eldest sons using a triple-

differences specification, where we include the triple-interaction term ELRdta × CLdt ×
eldest soni in regression equation (1) along with a separate control for the eldest soni indi-

cator variable for a son being coded as the oldest son in the household. We also control for

the relevant double interactions.

Table 7 reports the triple-interaction estimates, restricting the sample to either house-

holds whose oldest child is 13 or younger (columns 1-3) or 14 or younger (columns 4-6).

The effect of early life shocks on increased dropout is entirely concentrated among younger

sons and daughters. Across specifications, the triple interaction term of interest ranges from

-0.004 to -0.006 and is always at least marginally significant. An effect of this size almost

fully undoes the increase in dropout due to a positive shock in high child labor places (β2),

leading shocks to have close to zero effect on the dropout of oldest sons. On the other hand,

now that the effects on other children are no longer pooled with older sons, they are more

than 20% larger.27 These findings may also help explain the earlier result that girls’ edu-

cation falls more in response to the positive early life shock than boys’ in high child labor

areas, as daughters are not typically expected to care for parents in their old age.

Altogether, the estimates in Table 7 suggest that parents are inefficiently under-investing

in children’s education in response to positive early life shocks in the presence of child labor.

These results also suggest that the dropout is not entirely due to parental misperceptions

26The NSS migration survey collects data on out-migrants but does not collect information on their
relationship to the household head. We infer that male migrants who are between 15 and 40 years younger
than the head are the head’s sons.

27Appendix Table A11 shows that the results are robust to alternative cut-offs for the age of the oldest
son in the household of 11 and 12.
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about the returns to schooling, since it is unlikely that parents would underestimate the

returns to schooling only for non-oldest sons.

8.2 Discount Factor Calibration

In our model, parents trade off the consumption value of children’s work today with the

discounted value of the return to education through future earnings. A natural question is

whether our results on childhood dropout can be rationalized with perfectly altruistic parents

and standard discounting. If the implied discount factor is implausibly low, it provides

further evidence that declines in education in higher child labor areas, as well as failing to

increase education as much in response to positive early life shocks, are welfare-reducing.

In high child labor places, early life shocks lead children to dropout, which raises their

family’s consumption (Appendix Table A5), but leads to less consumption when they are

adults (Table 6). To calculate discount factors, we estimate the discount factor ρ that would

exactly offset the long-run consumption losses with the short-run consumption gains in the

absence of incomplete contracting (γ = 1). This exercise does require some additional as-

sumptions. In particular, by comparing present discounted Rupee pay-offs, we are implicitly

assuming utility is linear in consumption. Furthermore, we assume that families anticipate

the actual growth rate of India over the period (real PPP per capita GDP increased 2.8% a

year in the Penn World Tables from 1950 to 2010).28 Appendix B provides further details

of how we calibrate the discount factor.

The discount factor needed to rationalize our preferred IV estimates is 0.88. While not

impossibly low, this number is well below estimates of the social discount factor, which is

thought to be between 0.95 (in low-income countries) and 0.97 (in high-income countries)

(Haacker et al., 2020). The numbers are also below the discount factor of 0.93-0.95 implied

by India’s interest rate during the sample period. As a result, given both our estimated

discount factors and the fact that the oldest sons are not induced to leave school, we think

that the dropout is unlikely to reflect efficient choices.29

9 Conclusion

Interventions that increase early childhood investment may be a powerful tool for increasing

educational attainment and ultimately setting children on a better life trajectory. However,

28The implied discount factors are mechanically a little higher assuming no growth, or lower if instead
we assume more growth. This is because growth increases the returns to education in the future, making
forgoing educational investment more costly.

29Note that even if our discount factors correctly reflect household impatience, given the social discount
factor, our results suggest that parents fail to undertake socially efficient educational investments from the
perspective of the less-myopic social planner.
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such policies can also have perverse effects in low-income countries, where child labor is

common. We provide new evidence that early life investments increase child wages, increas-

ing the attractiveness of child labor. Furthermore, we document the fact that while early

life investments positively affect educational outcomes in places where child labor is low,

consistent with the existence of dynamic complementarities, this effect is attenuated and

even reversed in places where child labor is high. Furthermore, we provide evidence that the

divergence in educational outcomes in high child labor areas relative to low child labor areas

is welfare-reducing.

Our results speak to the need for targeting and designing policies based on local con-

ditions. Many governments provide supplemental early life nutrition to pregnant mothers

and young children. Our estimates suggest that a program that increased consumption by

around the same amount as one additional positive rainfall shock in early life would have

markedly different effects on the later educational investments and the adult consumption

of those children. In one year in our data, 2014, if all children in India received this boost

to their early life human capital, it would lead to a total of 180,000 additional dropouts in

districts with consistently above-median child labor. Yet, among Indian districts with con-

sistently below median child labor, such a policy would have net positive effects, reducing

total dropouts by 310,000 children.30

This does not imply that low-income countries should not pursue policies that promote

early childhood investment, even in areas with high child labor. Rather, the design of these

policies must take into account the role of opportunity costs and incomplete contracting

between parents and children. Complementary policies such as conditional cash transfers for

educational investment can offset the opportunity cost effects of increased early childhood

investment.

Finally, our results have important implications for researchers interested in identifying

the parameters of the human capital production function. Researchers, particularly those

working on low-income countries, must take into account how the child human capital stock

affects the opportunity cost of schooling, as well as the benefits of schooling.

30This calculation uses census data for total population by age in 2014, and our estimates from Table 3,
column 3 to calculate dropout rates.
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Figures

Figure 1: Share of Children Working by District

Notes: This figure shows a map of the districts of India, shaded by the prevalence of child labor, which is defined as the

proportion of children aged 5-17 who report working in the market, in domestic work, or for a home enterprise as their primary

activity. Source: NSS Schedule 10, 2004-2012.
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Figure 2: Effect of Early Life Rainfall on Height by Child Labor Prevalence

Notes: This figure plots a binscatter of height (y-axis) on early life shocks (x-axis), separately by districts that have above

median child labor shares less than 50% of the time (low child labor districts) and those with above median shares more than

50% of the time (high child labor districts), controlling for fixed effects for age and district. The coefficient estimate is 0.25

with a standard error of 0.11 (t = 2.26) in high child labor districts and 0.28 with a standard error of 0.14 (t = 1.98) in low

child labor districts. Source: IHDS 2012.
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Figure 3: Association Between Crop Mix and Child Labor

Notes: This figure plots the relationship between the share of adult agricultural employment in “large crops” (> 1 percent

share of agricultural employment) and the main measure of child labor used in the paper (share of periods a district has above

median child labor). All the coefficients are from a single regression. The size of the point estimates in the figure reflects the

share of adult employment (in agriculture) for the crop. Source: NSS Schedule 10, 2004-2012.
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Figure 4: Effect of Early Life Shocks in High Child Labor Districts on Dropout by Age

(a) OLS

(b) LASSO IV

Notes: This figure reports estimates of the total effect of a 1 unit increase in ELRdta by age in districts that always have

above median child labor. The point estimates are dots and bars show a 95% confidence interval. Panel (a) shows OLS results,

and Panel (b) shows results using crops as an IV for child labor intensity. Standard errors are clustered by district. Source:

ASER 2005-2014.
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Figure 5: Effect of Early Life Shocks in High Child Labor Districts, Varying the Cut-off
Used to Generate CLdt

(a) OLS

(b) LASSO IV

Notes: This figure varies the definition of CLdt and re-estimates equation (1) for dropout using the ASER data. For each

value of the x-axis, CLdt is defined as the share of rounds of the NSS, leaving the current round out, that a district’s child

labor prevalence is above the cut-off denoted by the x-axis. The coefficients are calculated from different regressions, each of

which controls for the baseline fixed effects (gender, age, and district by time period), and show the total estimated effects of

early life shocks on dropout in districts above the cutoff. Panel (a) shows OLS results, and Panel (b) shows results using crops

as an IV for child labor intensity. Standard errors are clustered by district. Source: ASER 2005-2014.
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Tables

Table 1: Summary of Data Sources

Data Source Type Years Key Variables Used

Report (ASER) - Household

Annual Status of Education

Cross-Section

Repeated
2005-2014 Dropout

Report (ASER) - Schools

Annual Status of Education

Cross-Section

Repeated

2009-2014

2005, 2007,
Attendance

Schedule 1

National Sample Survey (NSS)

Cross-Section

Repeated
2004-2012

Meals at School

Consumption

Schedule 10

National Sample Survey (NSS)

Cross-Section

Repeated
2004-2012

Sector Within Agriculture

Attends School

Consumption

Primary Activity

Schedule 10.2

National Sample Survey (NSS)

Cross-Section

Repeated
2007 Migration

Survey (IHDS)

India Human Development
HH Panel 2005 & 2012

Years of Schooling

Math Scores

Anthropometrics

Wages

System (DISE)

Unified District Information

Cross-Section

District
2005 Education Quality Measures

Gridded Rainfall Data

University of Delaware

Panel

District
1957-2014 Rainfall

Notes: This table reports the datasets (and the key variables) used in the analysis. More details on the specific rounds of

the NSS used in the paper are reported in the text.
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Table 2: Summary Statistics for Outcome and Explanatory Variables

Mean SD N

ASER for Children 5 to 16, Household level

Dropped Out .035 .184 5,283,537

ASER Classroom Observations

Attendance 21.3 19.3 640,915

NSS Schedule 1, Children 5 to 17

Ate at Least 1 Meal in School .244 .429 540,122

Ate at Least 20 Meals in School .153 .36 540,122

Panel B: Secondary Outcomes and Controls

NSS Schedule 10, Children 5 to 17

Share Children Working as Primary Activity .095 .294 486,295

Attends School .817 .387 486,295

Works for Wage .022 .147 486,295

IHDS for Children 5 to 17

ln(wage) 2.53 .541 948

Any Wage .037 .188 20,650

Height (cm) 138 18.2 22,007

NSS Schedule 1 and 10, Household level

ln(Consumption per adult + 1/3 kids) 7.04 .592 544,629

ln(Consumption per adult + 1/2 kids) 6.95 .595 544,629

IHDS, Adults 24 to 55

ln(Consumption per adult + 1/3 kids) 10.2 .631 37,553

ln(Consumption per adult + 1/2 kids) 10.1 .637 37,553

Years of Schooling 6.36 5.05 37,553

NSS Schedule 10, District Characteristics

Share Adults in Agriculture .613 .109 568

Share Adults in Manufacturing .086 .054 568

Share Of Agriculture in Cereals .698 .29 568

in Livestock .065 .115 568

in Cotton and Fiber Crops .041 .131 568

in Oil Seeds .042 .101 568

in Vegetables, Melons, and Tubers .04 .095 568

in Perennials .034 .107 568

in Sugar Cane .03 .105 568

in Tree Fruits .024 .094 568

Notes: This table reports summary statistics for our main outcomes, explanatory variables,

and key district characteristics.
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Table 3: Effect of Early Life Shocks on Individual-Level Dropout and Classroom-Level Attendance

Dropped Out (Individual) Attendance (Classroom)

(1) (2) (3) (4) (5) (6)

OLS OLS LASSO IV OLS OLS LASSO IV

Early Life Rain -0.00063* -0.0029*** -0.0054*** -0.12** 0.31*** 0.35

(0.00038) (0.00071) (0.0016) (0.060) (0.12) (0.26)

Early Life Rain 0.0041*** 0.0086*** -0.75*** -0.81*

× (Above Median) Child Labor (0.0012) (0.0029) (0.16) (0.43)

Mean Outcome .035 .035 .035 21.3 21.3 21.3

Total Effect 0.0012* 0.0032** -0.43*** -0.46**

SE of Total Effect (0.0007) (0.0014) (0.08) (0.19)

Kleibergan-Papp Robust F Stat 17 16.8

Number Districts 567 567 567 566 566 566

Number Observations 5283537 5283537 5283537 640915 640915 640915

Notes: This table reports the effect on schooling of early life shocks. District-level child labor classifications use the leave-out share of

rounds a district has above median child labor. In columns 3 and 6, child labor prevalence is instrumented using a lasso-selected set of

variables for the adult share working in specific crops. The outcome for columns 1-3 is “dropped out” at the individual level, and the

outcome for columns 4-6 is “number of kids in the classroom” with the early life shock calculated using the statutory age for the grade.

The analysis includes all children between the ages of 5 and 16 in columns 1-3 and includes all surveyed grades in columns 4-6. Regressions

include fixed effects for age, gender (only for columns 1-3), and district by time. Standard errors are clustered by district. Source: ASER

2005-2014.
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Table 4: Effects with Average Share of Children Working as Measure of Child Labor

Dropped Out (Individual) Attendance (Classroom)

(1) (2) (3) (4) (5) (6)

OLS OLS LASSO IV OLS OLS LASSO IV

Early Life Rain -0.00063* -0.0040*** -0.0067*** -0.12** 0.31** 0.30

(0.00038) (0.00097) (0.0020) (0.060) (0.15) (0.30)

Early Life Rain 0.031*** 0.057*** -3.77*** -3.65

× (Mean) Child Labor (0.0089) (0.019) (1.16) (2.52)

Mean Outcome .035 .035 .035 21.3 21.3 21.3

Total Effect 0.0012* 0.0027** -0.31*** -0.31**

SE of Total Effect (0.0007) (0.0012) (0.08) (0.14)

Kleibergan-Papp Robust F Stat 21.2 20.3

Number Districts 567 567 567 566 566 566

Number Observations 5283537 5283537 5283537 640915 640915 640915

Notes: This table reports the effect of early life shocks on schooling. District-level child labor classifications use the average share of

children who work in a district, leaving out the most recent round in the NSS. In columns 3 and 6, child labor prevalence is instrumented

using a lasso-selected set of variables for the adult share working in specific crops. The outcome for columns 1-3 is “dropped out” at

the individual level, and the outcome for columns 4-6 is “number of kids in the classroom” with the early life shock calculated using the

statutory age for the grade. The analysis includes all children between the ages of 5 and 16 in columns 1-3 and includes all surveyed

grades in columns 4-6. For consistency, “Total Effect” reports the implied effect for a district that always is observed with above median

child labor. Regressions include fixed effects for age, gender (only for columns 1-3), and district-by-time. Standard errors are clustered by

district. Source: ASER 2005-2014.
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Table 5: Effect of Early Life Shocks on Attending School & Meals at School

Attends School Any Meals Over 20 Meals

(1) (2) (3) (4) (5) (6) (7) (8) (9)

OLS OLS LASSO IV OLS OLS LASSO IV OLS OLS LASSO IV

Early Life Rain 0.0044*** 0.011*** 0.011*** 0.011*** 0.021*** 0.034*** 0.0022* 0.0079*** 0.014***

(0.0012) (0.0023) (0.0041) (0.0017) (0.0032) (0.0047) (0.0012) (0.0022) (0.0037)

Early Life Rain -0.014*** -0.013* -0.019*** -0.046*** -0.011*** -0.024***

× (Above Median) Child Labor (0.0034) (0.0074) (0.0048) (0.0086) (0.0036) (0.0072)

Mean Outcome .817 .817 .244 .244 .244 .153 .153 .153

Total Effect -0.0026 -0.002 0.0012 -0.012*** -0.0035 -0.01**

SE of Total Effect (0.0018) (0.0036) (0.0025) (0.005) (0.0021) (0.0039)

Kleibergen-Papp Robust F Stat 17.1 16.5 16.5

Number Districts 571 568 568 568 568 568 568 568 568

Number Observations 486536 486295 486295 540122 540122 540122 540122 540122 540122

Notes: This table uses the NSS data to estimate the effect of early life shocks on different individual-level measures of school attendance. District child labor classifications use the

leave-own round out share of rounds a district has above median child labor. In columns 3, 6, and 9, child labor prevalence is instrumented using a lasso-selected set of variables for

the adult share working in specific crops. The outcome for columns 1-3 is equal to one if a child reports “attends school” as their primary activity, and the outcome for columns 4-9 is

calculated from reported number of meals at school in the past month. The analysis includes all children between the ages of 5 and 17. Regressions include fixed effects for age, gender,

and district by time. Standard errors are clustered by district. Data: NSS Schedules 1 and 10, 2004-2012.
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Table 6: Effect of Early Life Shocks on Adult Consumption

ln(Consumption Per Adult + 1/2 * kids) ln(Consumption Per Adult + 1/3 * kids)

(1) (2) (3) (4) (5) (6)

OLS OLS LASSO IV OLS OLS LASSO IV

Early Life Rain 0.0012** 0.0032*** 0.0059*** 0.0013** 0.0028*** 0.0053***

(0.00058) (0.00099) (0.0019) (0.00061) (0.0011) (0.0019)

Early Life Rain -0.0046*** -0.011*** -0.0033** -0.0090**

× (Above Median) Child Labor (0.0016) (0.0038) (0.0016) (0.0039)

Mean Outcome 6.94 6.94 6.94 7.02 7.02 7.02

Total Effect -0.0014 -0.0047** -0.0005 -0.0037*

SE of Total Effect (0.0009) (0.0021) (0.00096) (0.0021)

Kleibergen-Papp Robust F Stat 29.7 29.7

Number Districts 568 568 568 568 568 568

Number Observations 544629 544629 544629 544629 544629 544629

Notes: This table reports the effect of early life shocks on adult consumption. District child labor classifications use the leave-own year out share of rounds

a district has above median child labor. In columns 3 and 6, child labor prevalence is instrumented using a lasso-selected set of variables for the adult share

working in specific crops. Consumption is measured per capita, with children counting as 1/3 (columns 1-3) or 1/2 an adult (columns 4-6). Each household

is in the data once, and a household’s shock is coded as the male household head’s shock. Household heads are either self-reported household heads, married

to the reported household head (if the head is female), or if no member is coded as the household head, the oldest male under the age of 55. Regressions

include fixed effects for age and district by time. Standard errors are clustered by district. Source: NSS Schedules 1 and 10, 2004-2012.
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Table 7: Effect of Early Life Shocks on Dropout For Oldest Sons

Dropped Out (Individual)

(1) (2) (3) (4) (5) (6)

OLS OLS LASSO IV OLS OLS LASSO IV

Early Life Rain 0.00080** -0.0024*** -0.0033 0.00078** -0.0025*** -0.0035*

(0.00040) (0.00069) (0.0022) (0.00039) (0.00069) (0.0020)

Early Life Rain -0.00068** 0.0019*** 0.0023 -0.0011*** 0.0011*** 0.0017

× Oldest Son (0.00030) (0.00040) (0.0016) (0.00030) (0.00040) (0.0015)

Early Life Rain 0.0057*** 0.0073* 0.0057*** 0.0075**

× (Above Median) Child Labor (0.0013) (0.0040) (0.0012) (0.0037)

Early Life Rain -0.0047*** -0.0055* -0.0040*** -0.0051*

× (Above Median) Child Labor × Oldest Son (0.00091) (0.0032) (0.00091) (0.0029)

Mean Outcome (Not-Oldest Sons) .03 .03 .03 .03 .03 .03

Mean Outcome (Oldest Sons) .014 .014 .014 .021 .021 .021

Total Effect (Not-Oldest Sons) 0.0032*** 0.0039** 0.0032*** 0.004**

SE of Total Effect (0.0008) (0.0019) (0.0008) (0.0018)

Total Effect (Oldest Sons) 0.00043 0.00075 0.00031 0.0006

SE of Total Effect (0.00046) (0.00085) (0.00048) (0.00086)

Kleibergan-Papp Robust F Stat (Not-Oldest Sons) 16.9 16.9

Kleibergan-Papp Robust F Stat (Oldest Sons) 17 17.1

Number Districts 567 567 567 567 567 567

Number Observations 2273702 2273702 2273702 2553409 2553409 2553409

Age Cutoff 13 13 13 14 14 14

Notes: This table reports the effect of early life shocks on dropout, allowing the effects to vary by child labor prevalence and whether a child is an oldest son. District

child labor classifications use the leave-own year out share of rounds a district has above median child labor. In columns 3 and 6, child labor prevalence is instrumented

using a lasso-selected set of variables for the adult share working in specific crops. Regressions include fixed effects for age by gender and district by time by gender, as

well as an indicator for oldest son and the relevant double-interactions. Standard errors are clustered by district. Source: ASER 2005-2014.
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Appendix A: Mathematical Appendix

A1 Additional Propositions

Proposition 3b shows that even if opportunity cost effects are not large enough to fully

reverse the positive effects of early life human capital investment on education, they can

still dampen those positive effects. To introduce Proposition 3b, we first note that for a

given value of h, the parent will educate a child if Up
2 (1, h) ≥ Up

2 (0, h). Since ∂Up(h,1)
∂α

> 0

and ∂Up(h,0)
∂α

= 0, this relationship exhibits single-crossing. Thus, for any combination of h

and d, there exists a cutoff value α∗
d(h) for α where e = 1 for all children with α ≥ α∗

d(h).

Appendix Figure A3 illustrates this by plotting the ability distribution and showing that

e = 1 if α > α∗
d(h).

Proposition 3b. If
f(α∗

high(h
∗
high(y1)))

f(α∗
low(h∗

low(y1)))
< Φ, then

∂λhigh(y1)

∂y1
< ∂λlow(y1)

∂y1
.

Proof. See subsection A2.

This proposition indicates that a positive income shock increases education (and adult

wages) more in low child labor districts than high child labor districts, as long as an assump-

tion is satisfied that the increased returns to child labor dominate two other, second order

effects with ambiguous directions (the value of Φ is given below in Section A2). The effect

we expect to dominate is that an increase in h increases the relative returns to education

more in low child labor areas because, in high child labor areas, increasing h also increases

the outside option, wc
2,high. The additional ambiguous effects come from the fact that (1)

the density of children on the margin of being educated is different in high and low child

labor regions since enrollment rates are different, and (2) the derivative of adult wages with

respect to early childhood investment may be different in high and low child labor regions

if underlying investment in h is different in these regions. If underlying early life human

capital investment rates are similar and the densities of the distribution at α∗
d(hd(y1)) are

similar across these regions, these additional, second order effects will be small.31

Appendix Figure A3 illustrates the intuition for Proposition 3b. In both high and low

child labor districts, the increase in y1 increases the relative returns to schooling, causing

α∗
d(h

∗
d)) to fall. But α∗

low falls more than α∗
high because the relative returns to schooling

increase more in low child labor districts. The share of children whose educational outcomes

are changed is captured by the gray areas, which integrate over the ability distribution from

the old to the new values of α∗
low and α∗

high. Even though the density at the cutoff is different

31The assumption that
f(α∗

high(h(y1)))

f(α∗
low(h(y1)))

< Φ bounds how much greater the density at α∗
low can be relatively

to the density at α∗
high. That is, if the density at α∗

high is sufficiently high, it can lead the response to shocks
to be greater in high child labor places even though the change in the ability cutoff is smaller.
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in high and low child labor districts, as long as it is not too much greater in high child labor

districts, more children will be affected in low child labor districts, where the integral is

taken over a larger set of values of α.

A2 Proofs

Proof of Proposition 1.

Define V = E
[
maxe u(y2 − cee+ wc

2,d(h)(1− e)) + δ(U c(wc
3(e, h)) + αe)

]
, where the expec-

tation is taken over realizations of α. Then, in period 1, the parent solves

max
h

u(y1 − chh) + ρV (h),

where ρ is the discount rate. From the first order condition, h∗ must satisfy

−chu
′(y1 − chh

∗) + ρ
∂V (h∗)

∂h
= 0,

To sign ∂h∗

∂y1
, differentiate this expression with respect to y1 and re-arrange to get

∂h∗

∂y1
=

chu
′′(y1 − chh

∗)

c2hu
′′(y1 − chh∗) + ρ∂2V (h∗)

∂h

.

To sign ∂h∗

∂y1
, note that chu

′′(y1 − chh
∗) < 0 and c2hu

′′(y1 − chh
∗) < 0 since ch > 0 and u′′ < 0.

Then, the only term that remains to sign is ∂2V (h∗)
∂h

. To sign ∂2V (h∗)
∂h2 , observe that

∂2V (h∗)

∂h2
=E
[
u′′(y2 − cee

∗ + wc
2,d(h

∗)(1− e∗))
(wc

2,d(h
∗)

∂h

)2
(1− e∗)

+ u′(y2 − cee
∗ + wc

2,d(h
∗)(1− e∗))

∂2wc
2,d(h

∗)

∂h2
(1− e∗)

+ δ
(
U c′′(wc

3(h
∗, e∗) + αe∗)

(∂wc
3(e

∗, h∗)

∂h

)2
+ (U c′(wc

3(e
∗, h∗) + αe∗)

∂2wc
3(e

∗, h∗)

∂h2

)]
,

where e∗ is the equilibrium choice of e. This expression is < 0 if
∂2wc

3(h)

∂h2 ≤ 0 and
∂2wc

2(h)

∂h2 ≤ 0.

Therefore, ∂h∗

∂y1
> 0.

Proof of Proposition 2. For a given h, a child drops out if Up
2 (0, h) ≥ Up

2 (1, h). Substi-

tuting in the values for consumption, this expression can be rewritten as

u(y2 + wc
2,d(h))− u(y2 − ce) ≥ δ(U c(wc

3(h, 1) + α)− U c(wc
3(h, 0))). (2)

The derivative of the LHS with respect to y1 is ∂LHS
∂y1

= u′(y2 + wc
2(h

∗))
∂wc

2,d(h
∗)

∂h
∂h∗

∂y1
, which
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is equal to 0 in low child labor places by assumption. The derivative of the RHS is ∂RHS
∂y1

=

δ
(
U c′(wc

3(h
∗, 1) + α)

∂wc
3(h

∗,1)

∂h
∂h∗

∂y1
− U c′(wc

3(h
∗, 0))

∂wc
3(h

∗,0)

∂h
∂h∗

∂y1

)
. From diminishing marginal

returns, U c′(wc
3(h, 1) + α) < U c′(wc

3(h, 0)), so for the RHS to be increasing, we need that
∂wc

3(h,1)

∂h
>

∂wc
3(h,0)

∂h
. This expression implies that, for an early life shock to increase education

rates in low child labor areas, there are dynamic complementarities between e and h.

Proof of Proposition 3a. Observe that λd(h
∗
d(y1)) = 1 − F (α∗

d(h
∗
d(y1))). Therefore,

∂λd(h
∗
d(y1))

∂y1
= −f(α∗

d(h
∗
d(y1))

∂α∗
d(h

∗
d(y1))

∂y1
. Therefore,

∂λd(h
∗
d(y1))

∂y1
= −f(α∗

d(h
∗
d(y1))

∂α∗
d(h

∗
d(y1))

∂y1
⇒

∂λhigh(h
∗
high(y1))

∂y1
= −f(α∗

high(h
∗
high(y1))

∂α∗
high(h

∗
high(y1))

∂y1
, where f(α∗

high) > 0. To solve for
∂α∗

d(h
∗
d(y1))

∂y1
,

note that α∗
d(h

∗
d(y1)) is characterized by Up

2 (0, h
∗
d(y1)) = Up

2 (1, h
∗
d(y1)), which can be rewritten

as

u(y2 + wc
2,d(h

∗
d))− u(y2 − ce)− δU c(wc

3(1, h
∗
d) + α∗

d) + δU c(wc
3(0, h

∗
d)) = 0

Applying the implicit function theorem to this expression, we arrive at an expression for
∂α∗

d

∂y1
:

∂α∗
d

∂y1
= −∂wc

3(1, h
∗
d)

∂y1
+

u′(y2 + wc
2,d(h

∗
d))

∂wc
2,d(h

∗
d)

∂y1
+ δ

∂wc
3(0,h

∗
d)

∂y1
U c′(wc

3(0, h
∗
d))

δU c′(wc
3(1, h

∗
d) + α∗

d)
.

Then,

∂α∗
high

∂y1
= −

∂wc
3(1, h

∗
high)

∂y1
+

u′(y2 + wc
2,high(h

∗
high))

∂wc
2,high

∂y1
+ δ

∂wc
3(0,h

∗
high)

∂y1
u′(wc

3(0, h
∗
high))

δU c′(wc
3(1, h

∗
high) + α∗

high)
.

Then,
∂λhigh(h

∗
high(y1))

∂y1
< 0 if

∂α∗
high

∂y1
> 0. Rearranging

∂α∗
high

∂y1
> 0 shows that this satisfied if

δ

 ∂wc
3(1,h

∗
high)

∂y1
U c′(wc

3(1, h
∗
high) + α∗

high)−
∂wc

3(0,h
∗
high)

∂y1
U c′(wc

3(0, h
∗
high))

u′(y2 + wc
2(h

∗
high))

( ∂h

∂y1

)−1

<
∂wc

2(h
∗
high)

∂h
.

Before proving Proposition 3b, we define Assumption A1.

Assumption A1.

Φ >
f(α∗

high(h
∗
high(y1)))

f(α∗
low(h

∗
low(y1)))

,
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where

Φ =

∂wc
3(1,h

∗
low)

∂y1
−

∂wc
3(0,h

∗
low)

∂y1
Uc′(wc

3(0,h
∗
low))

Uc′(wc
3(1,h

∗
low)+α∗

low)

∂wc
3(1,h

∗
high)

∂y1
−

u′(y2+wc
2,high(h

∗
high))

∂wc
2,high

(h∗
high

)

∂y1
+δ

∂wc
3(0,h

∗
high

)

∂y1
Uc′(wc

3(h
∗
high,0))

δUc′(wc
3(1,h

∗
high)+α∗

high)

Proof of Proposition 3b.

Recall that λd(h
∗
d(y1)) = 1−F (α∗

d(h
∗
d(y1))). Therefore,

∂λd(h
∗
d(y1))

∂y1
= −f(α∗

d(h
∗
d(y1))

∂α∗
d(h

∗
d(y1))

∂y1
.

Using the expression for
∂α∗

d(h
∗
d(y1))

∂y1
from the proof of Proposition 3a and substituting this

expression into ∂λd(h
∗(y1))

∂y1
= −f(α∗

d(h
∗
d(y1))

∂α∗
d(h

∗(y1))

∂y1
, we find that

∂λlow(h
∗
low(y1))

∂y1
=

(
∂wc

3(1, h
∗
low)

∂y1
−

∂wc
3(0,h

∗
low)

∂y1
U c′(wc

3(h
∗
low, 0))

U c′(wc
3(1, h

∗
low) + α∗

low)

)
f(α∗

low)

∂λhigh(h
∗
high(y1))

∂y1
=

∂wc
3(1, h

∗
high)

∂y1
−

u′(y2 + wc
2,high(h

∗
high))

∂wc
2,high(h

∗
high)

∂y1
+ δ

∂wc
3(0,h

∗
high)

∂y1
U c′(wc

3(h
∗
high, 0))

δU c′(wc
3(1, h

∗
high) + α∗

high)


× f(α∗

high).

Thus, ∂λlow(h∗(y1))
∂y1

>
∂λhigh(h

∗(y1))

∂y1
under Assumption A1. To provide intuition for when

Assumption A1 is satisfied, when h∗
d and α∗

d are sufficiently similar across the two types

of districts, Φ > 1. This is because the additional term in the denominator, u′(y2 +

wc
2,high(h

∗
high))

∂wc
2,d(h

∗
high)

∂y1
> 0, indicating that the denominator is smaller than the numer-

ator. If α∗
low and α∗

high are sufficiently similar,
f(α∗

high(h(y1)))

f(α∗
low(h(y1)))

≈ 1 and Assumption A1 will be

satisfied.

Proof of Proposition 4a. Returning to the proof of Proposition 2, an increase in y1 will

cause child labor to increase if the derivative of the LHS of equation (2) is greater than the

derivative of the RHS for the marginal child whose ability is α∗
d(hd(y1)). This is true if

u′(y2 + wc
2,d(h))

∂wc
2,d(h

∗)

∂h

∂h∗

∂y1
≥ δ
(
U c′(wc

3(h
∗, 1) + α∗)

∂wc
3(h, 1)

∂h

∂h∗

∂y1
− U c′(wc

3(h, 0))
∂wc

3(h, 0)

∂h

∂h∗

∂y1

)
.

(3)

Substituting ρ for δ and w̃c
3 for wc

3, this is efficient if

u′(y2 + wc
2,d(h))

∂wc
2,d(h

∗)

∂h

∂h∗

∂y1
≥ ρ
(
U c′(w̃c

3(h
∗, 1) + α∗)

∂w̃c
3(h, 1)

∂h

∂h∗

∂y1
− U c′(w̃c

3(h, 0))
∂w̃c

3(h, 0)

∂h

∂h∗

∂y1

)
.

(4)
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Now consider each of our two cases. If γ < 1 and
∂wc

3(h,1)

∂h
=

∂w̃c
3(h,1)

∂h
, ρ > δ and the RHS

of equation (4) is greater than that of equation (3). This implies that there is a range of

values over which equation (3) is satisfied while equation (4) is not and therefore, changes

in educational investment are inefficient. If ρ = δ, inefficiency will occur for a given h∗ if the

left-side of equation (4) is greater than the left-side of equation (3) (since the right sides of

the equations are the same). With some algebra, we can see this will be the case if

∂w̃c(h∗, 1)/∂h

∂wc(h∗, 1)/∂h
>

U c′(wc
3(h

∗, 1) + α∗)

U c′(w̃c
3(h

∗, 1) + α∗)
.

Thus, as long as this condition is satisfied, inefficiency will occur. This condition is intuitive:

a larger increase in wages due to an increase in h pushes parents toward educating their

children (left-side), but this is offset by the fact that the higher wage decreases the marginal

value of more income (right side). That is, it is satisfied as long as the substitution effect

dominates the income effect. If there is no diminishing marginal utility of consumption

(utility is linear), this expression is always satisfied.

Proof of Proposition 4b. Note that ∂α∗

∂h
< 0 if

u′(y2 + wc
2(h))

∂wc
2,d(h

∗)

∂h

∂h∗

∂y1
< δ
(
U c′(wc

3(h
∗, 1) + α∗)

∂wc
3(h, 1)

∂h

∂h∗

∂y1
− U c′(wc

3(h, 0))
∂wc

3(h, 0)

∂h

∂h∗

∂y1

)
.

(5)

By assumption,

u′(y2 + wc
2,d(h))

∂wc
2,d(h

∗)

∂h

∂h∗

∂y1
≤ ρ
(
U c′(w̃c

3(h
∗, 1) + α∗)

∂w̃c
3(h, 1)

∂h

∂h∗

∂y1
− U c′(w̃c

3(h, 0))
∂w̃c

3(h, 0)

∂h

∂h∗

∂y1

)
,

so equation (5) is satisfied if γ = 1. Additionally, the RHS of equation (5) is strictly

increasing in γ, while the LHS does not depend on γ. Thus, there is single-crossing in γ,

indicating there exists a γ̄ above which ∂α∗

∂h
< 0.
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Appendix B: Details of Discount Factor Calibration

We model the parent as choosing between the high and low child labor stream of con-

sumption when a child is 5, in line with the sample we use to estimate the consumption

benefits of early life shocks in high child labor places during childhood. The increase in

consumption from an early life unit increase in aggregate rainfall in a high child labor place

is given by

13∑
t=0

(gρ)t∆ch,

where ρ is the discount factor, g is the growth rate, and ∆ch is the change in consumption per

capita for a household in a high child labor district relative to a low child labor district. In

a low child labor district, the relative payoff from the rainfall shock occurs due to increased

consumption in adulthood (starting at 18), which is represented by

T∑
t=14

(gρ)t∆cl,

where ∆cl is the relative change in per capita consumption of the child in his adulthood

in a low child labor district and T is the last year that the adult experiences consumption

gains. We set T = 65 to be consistent with NSS measures of what ages individuals work,

and g = 2.8% to match India’s growth rate over our sample period.

The results in Table 6, which estimate the long-run effects of rainfall shocks on adult

males’ consumption, can be used to estimate ∆cl. The level value of ∆cl is just given by

converting the log per capita effect of a unit increase in rainfall in a low relative to a high

child labor district into a level effect using average consumption.

To calibrate ∆ch, we use estimates of the effect of rainfall shocks on per capita consump-

tion by high and low child labor districts during the affected individual’s childhood. The

results of these regressions are reported in Appendix Table A5. Using these estimates, we

calculate ∆ch the same way as we calculated ∆cl. With these estimates in hand, we can now

solve for the maximum ρ for which
∑13

t=0 ρ
t∆ch ≥

∑T
t=14 ρ

t∆cl. Since geometric sums have

a closed-form solution, setting the left and right side of this equation equal results in one

equation with one unknown, which can be solved with Matlab as a non-linear optimization

problem.
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Appendix Figures

Figure A1: Predicted Share of Children Working by District (Crop IV)

Notes: This figure shows a map of the districts of India, shaded by the prevalence of predicted share of children working

(actual share of children working is reported in Figure 1). We predict child labor using the instruments selected by lasso IV

from the pool of adult crop shares. We code a child aged 5-17 as working if she reports working in the market, in domestic

work, or for a home enterprise as her primary activity. Source: NSS Schedule 10, 2004-2012.
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Figure A2: Estimates of Mincerian Consumption Returns to Education by Child Labor
Prevalence

Notes: This figure reports the descriptive Mincerian relationship between years of schooling and log household consumption,

testing for heterogeneity by child labor prevalence. Consumption is measured per capita, with children counting as 1/3 of an

adult. The explanatory variable is the education (in years) of the household head, separately by districts that have above

median child labor shares less than 50% of the time (low child labor districts) and those with above median shares more than

50% of the time (high child labor districts). The coefficient for high child labor districts is 0.035 with a standard error of 0.00099

(t=35.6), and the coefficient for low child labor districts is 0.038 with a standard error of 0.0012 (t=31.2). Source: IHDS 2012.
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Figure A3: Illustration of Proposition 3b

Notes: This figure illustrates the intuition for Proposition 3b. a∗low(h∗
low) denotes the cutoff exogenous returns to schooling

above which a child is educated in a low child labor district for a given first period human capital investment h∗
low, and

a∗high(h
∗
high) denotes the cutoff for high child labor districts. The graph illustrates how these cutoffs change as a function

of shocks to first period income y1. The gray shaded areas represent the children who were not educated before and become
educated as a result of the change in y1.
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Table A1: Hedonic Predictors of Child Wages

ln(wage)

(1) (2) (3)

Height (cm) 0.0060*** 0.0053*

(0.0021) (0.0032)

Math Score 0.051** 0.034

(0.022) (0.026)

Mean Outcome 2.52 2.55 2.51

Number Districts 247 227 200

Number Observations 949 676 518

Notes: This table reports the descriptive relationship between height,

cognitive skill, and ln(wage) conditional on working, controlling for age

and gender fixed effects for children 5-17. Standard errors, clustered at

the district level, are reported in parentheses. Wages and height are from

the IHDS II (2012), while lagged test score data is from the IHDS I (2005).

Height is measured in centimeters, while the math score is the number of

math problems answered correctly.
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Table A2: Effect of Early Life Shocks on Dropout By Gender

Dropped Out (Individual)

(1) (2) (3)

OLS OLS LASSO IV

Early Life Rain -0.0017*** -0.0036*** -0.0073***

(Boys) (0.00038) (0.00070) (0.0015)

Early Life Rain 0.00067 -0.0022*** -0.0034

(Girls) (0.00045) (0.00080) (0.0022)

Early Life Rain 0.0034*** 0.010***

× (Above Median) Child Labor (Boys) (0.0011) (0.0025)

Early Life Rain 0.0052*** 0.0074*

× (Above Median) Child Labor (Girls) (0.0014) (0.0041)

Mean Outcome .035 .035 .035

Total Effect (Boys) -0.00021 0.0028**

SE of Total Effect (Boys) (0.00063) (0.0012)

Total Effect (Girls) 0.003*** 0.004**

SE of Total Effect (Girls) (0.0009) (0.002)
Differential Effect Of Above Median Child Labor
(Boys Minus Girls) -0.0018** 0.0026

SE of Difference (0.0009) (0.003)

Kleibergen-Papp Robust F Stat (Boys) 17

Kleibergen-Papp Robust F Stat (Girls) 16.9

Number Districts 567 567 567

Number Observations 5283537 5283537 5283537

Notes: This table reports the effect of early life shocks on dropout, separately by gender. District child labor

classifications use the leave-own-survey out share of rounds a district has above median child labor. In column 3, child

labor prevalence is instrumented using a lasso-selected set of variables for adult crop share. The analysis includes all

children between the ages of 5 and 16. Regressions include fixed effects for age by gender and district by time by

gender. Standard errors are clustered by district. Source: ASER 2005-2014.
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Table A3: Effect of Early Life Shocks, Instrumenting for Current Child Labor Prevalence

Dropped Out (Individual)

(1) (2) (3)

OLS OLS LASSO IV

Early Life Rain -0.00060 -0.0037*** -0.0041***

(0.00038) (0.00095) (0.0014)

Early Life Rain 0.0056*** 0.0063**

× (Above Median) Child Labor (0.0017) (0.0025)

Mean Outcome

Total Effect 0.0019** 0.0022*

SE of Total Effect (0.0009) (0.0012)

Kleibergan-Papp Robust F Stat 698 17.7

Number Districts 567 564 567

Number Observations 5276424 5265901 5276424

Notes: This table reports the effect on schooling of early life shocks. In column 2, current child

labor prevalence is instrumented using the leave-own-survey out share of rounds a district has

above median child labor, as described in the text. In column 3, current child labor prevalence

is instrumented using a lasso-selected set of crops, as described in the text. The outcome

is “dropped out” at the individual level. The analysis in columns 1-3 includes all children

between the ages of 5 and 16. Regressions include fixed effects for age, gender, and district by

time. Standard errors are clustered by district. Source: ASER 2005-2014.
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Table A4: Effect of Early Life Shocks on Working For a Wage

Any Wage (NSS) Any Wage (IHDS)

(1) (2) (3) (4) (5) (6)

OLS OLS LASSO IV OLS OLS LASSO IV

Early Life Rain -0.0026*** -0.0051*** -0.0071*** 0.00025 -0.012*** -0.012

(0.00043) (0.00069) (0.0016) (0.0024) (0.0033) (0.0076)

Early Life Rain 0.0050*** 0.0091*** 0.021*** 0.021*

× (Above Median) Child Labor (0.0013) (0.0033) (0.0057) (0.012)

Mean Outcome .022 .022 .037 .037 .037

Total Effect -0.000031 0.002 0.0089** 0.0089

SE of Total Effect (0.00085) (0.0018) (0.0039) (0.0058)

Kleibergan-Papp Robust F Stat 17.1 5.94

Number Districts 571 568 568 256 256 256

Number Observations 486536 486295 486295 20650 20650 20650

Notes: This table reports the effect of early life shocks on working for a wage. District child labor classifications use the leave-out share

of rounds a district has above median child labor. In columns 3 and 6, child labor prevalence is instrumented using a lasso-selected set of

variables for adult share working in specific crops. The analysis includes all children between the ages of 5 and 17. Regressions include fixed

effects for age, gender, and district by time. Standard errors are clustered by district. Source: NSS (2004-2012) for columns 1-3, and IHDS

(2012) for columns 4-6.
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Table A5: Effect of Early Life Shocks on Consumption During Childhood

ln(Consumption Per Adult + 1/2 * kids) ln(Consumption Per Adult + 1/3 * kids)

(1) (2) (3) (4) (5) (6)

OLS OLS LASSO IV OLS OLS LASSO IV

Total HH Early Life -0.0047*** -0.0090*** -0.010*** -0.0046*** -0.0092*** -0.011***

Rain (0.00077) (0.0015) (0.0021) (0.00078) (0.0015) (0.0021)

Total HH Early Life 0.0093*** 0.013*** 0.0098*** 0.013***

Rain × (Above Median) Child Labor (0.0022) (0.0040) (0.0023) (0.0040)

Mean Outcome 6.94 6.94 6.94 7.02 7.02 7.02

Total Effect 0.00022 0.0022 0.0006 0.0026

SE of Total Effect (0.0011) (0.0021) (0.0011) (0.0021)

Kleibergen-Papp Robust F Stat 38.3 38.3

Number Districts 571 571 571 571 571 571

Number Observations 510435 510435 510435 510435 510435 510435

Notes: This table reports the effect of early life shocks of the children in the household on current consumption. District child labor classifications use the leave-out

share of rounds a district has above median child labor. In columns 3 and 6, child labor prevalence is instrumented using a lasso-selected set of variables for adult

share working in specific crops. Consumption is measured per capita, with children counting as 1/2 (columns 1-3) or 1/3 of an adult (columns 4-6). Each household

is in the data once, and a household’s shock is coded as the total shock of all of children between the ages of 5 and 17. Regressions include fixed effects for the

gender-by-age makeup of the household, district by time, and the early life shock of the household head. Standard errors are clustered by district. Source: NSS

Schedules 1 and 10, 2004-2012.
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Table A6: Effect of Early Life Rainfall on Male Migration by Child Labor Prevalence

Migrated Away From District

(1) (2) (3)

OLS OLS LASSO IV

Early Life Rain -0.00019 0.0022 0.0070

(0.0014) (0.0021) (0.0048)

Early Life Rain -0.0055 -0.016

× (Above Median) Child Labor (0.0036) (0.011)

Mean Outcome .218 .218 .218

Total Effect -0.0033 -0.0093

SE of Total Effect (0.0025) (0.0062)

Kleibergan-Papp Robust F Stat 12.6

Number Districts 568 568 568

Number Observations 86548 86548 86548

Notes: This table reports the effects of early life rainfall on migration for men, controlling

for fixed effects for age, gender, and district by time. District classifications use the

leave-out share of rounds a district has above median child labor. Standard errors are

clustered by district. The analysis includes all adults 25-54. Source: NSS 2007 migration

supplement.
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Table A7: Robustness of Interaction Between Child Labor Prevalence and Early Life Shocks

Dropped Out

(1) (2) (3) (4) (5) (6) (7)

OLS OLS OLS OLS OLS OLS OLS

Early Life Rain 0.0041*** 0.0033** 0.0042*** 0.0031*** 0.0041*** 0.0043*** 0.0039**

× (Above Median) Child Labor (0.0012) (0.0013) (0.0012) (0.0012) (0.0012) (0.0015) (0.0017)

Controls Baseline Income Adult Education School Quality Caste and Religion Village Characteristics PDS Lasso

Mean Outcome .035 .035 .035 .035 .035 .035 .035

Number Districts 567 564 554 557 492 565 486

Number Observations 5283537 5266455 5189644 5206726 4725486 3124335 2836947

Notes: This table reports the effect of the interaction between child labor and the early life shock on schooling, with additional controls relative to the baseline analysis. District child labor

classifications use the leave-out share of rounds a district has above median child labor. All controls are interacted with the early life rainfall measure. Column 1 reports our baseline estimates from

Table 3. Column 2 includes controls for local income, column 3 includes controls for the educational attainment of local adults, column 4 includes controls for local school quality, column 5 includes

controls for local socioeconomic and religious characteristics, and column 6 controls for measures of village-level development. Column 7 selects from the full set of controls in the previous columns

following the post-double selection lasso method (Urminsky et al., 2016). The specific variables are listed below, where the district-level controls are, for the variables we have in every round, the

leave-out share of rounds a district has above the median value, and otherwise an indicator for being above median. The analysis includes all children between the ages of 5 and 16. Regressions include

fixed effects for age by gender and district by time by gender. Standard errors are clustered by district. Source: ASER 2004-2012.

Income Controls (District-Level): the share of adults who work for a wage, their average wage, the share of household heads who work for a wage, and the share of adults who report working in

agriculture.

Education Controls (District-Level): the average literacy of household heads, of women, and the overall graduation rate.

School Quality Controls (District-Level): schools per capita, the number of government and total primary schools, the number of schools with one classroom or one teacher, the share of schools with

over 60 pupils per teacher, if the school has a separate toilet for girls, if the school has a blackboard, a building, or a textbook.

Caste and Religion (District-Level : share of the district in a Scheduled Caste, Scheduled Tribe or Other Backward Class, the share who are Hindu, the share who are Muslim, the share who are

Christian, and the share who practice Purdah.

Village Characteristics (Village-Level): indicators for if the village has electricity, a tarred metal road leading to it, a post office, a pds ration shop, a bank, a government primary school, a government

middle school, a government secondary school, and a private school.
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Table A8: Robustness of the IV Estimates of the Interaction Between Child Labor Prevalence and Early Life Shocks

Dropped Out

(1) (2) (3) (4) (5) (6) (7)

Lasso IV Lasso IV Lasso IV Lasso IV Lasso IV Lasso IV Lasso IV

Early Life Rain 0.0086*** 0.0093** 0.011*** 0.0090** 0.0080** 0.0090*** 0.0093

× (Above Median) Child Labor (0.0029) (0.0040) (0.0033) (0.0042) (0.0031) (0.0035) (0.0057)

Controls Baseline Income Adult Education School Quality Caste and Religion Village Characteristics PDS Lasso

Mean Outcome .035 .035 .035 .035 .035 .035 .035

Kleibergan-Papp Robust F Stat 17 13.2 11.7 9.35 13.6 16.2 6.55

Number Districts 567 564 554 557 492 565 486

Number Observations 5283537 5266455 5189644 5206726 4725486 3124335 2836947

Notes: This table reports the effect of the interaction between child labor and the early life shock on schooling, instrumenting local child labor with agricultural production and including additional

controls relative to the baseline analysis. District child labor classifications use the leave-out share of rounds a district has above median child labor. All controls are interacted with the early life

rainfall measure. Column 1 reports our baseline estimates from Table 3. Column 2 includes controls for local income, column 3 includes controls for the educational attainment of local adults, column 4

includes controls for local school quality, column 5 includes controls for local socioeconomic and religious characteristics, and column 6 controls for measures of village-level development. Column 7 uses

the covariates selected from the full set of controls in Table A7 following the post-double selection lasso method (Urminsky et al., 2016). The specific variables are listed below, where the district-level

controls are, for the variables we have in every round, the leave-out share of rounds a district has above the median value, and otherwise an indicator for being above median. The analysis includes all

children between the ages of 5 and 16. Regressions include fixed effects for age by gender and district by time by gender. Standard errors are clustered by district. Source: ASER 2004-2012.

Income Controls (District-Level): the share of adults who work for a wage, their average wage, the share of household heads who work for a wage, and the share of adults who report working in

agriculture.

Education Controls (District-Level): the average literacy of household heads, of women, and the overall graduation rate.

School Quality Controls (District-Level): schools per capita, the number of government and total primary schools, the number of schools with one classroom or one teacher, the share of schools with

over 60 pupils per teacher, if the school has a separate toilet for girls, if the school has a blackboard, a building, or a textbook.

Caste and Religion (District-Level : share of the district in a Scheduled Caste, Scheduled Tribe or Other Backward Class, the share who are Hindu, the share who are Muslim, the share who are

Christian, and the share who practice Purdah.

Village Characteristics (Village-Level): indicators for if the village has electricity, a tarred metal road leading to it, a post office, a pds ration shop, a bank, a government primary school, a government

middle school, a government secondary school, and a private school.
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Table A9: Robustness of Interaction Between Child Labor Prevalence and Early Life Shocks to Inclusion of Household Fixed
Effects

Dropped Out (Individual)

(1) (2) (3)

OLS OLS LASSO IV

Early Life Rain -0.00031 -0.0020*** -0.0049***

(0.00036) (0.00064) (0.0014)

Early Life Rain 0.0031*** 0.0083***

× (Above Median) Child Labor (0.0011) (0.0024)

Mean Outcome .035 .035 .035

Total Effect 0.0011* 0.0034***

SE of Total Effect (0.0007) (0.0011)

Kleibergan-Papp Robust F Stat 16.7

Number Districts 567 567 567

Number Observations 4397457 4397457 4397457

Notes: This table reports the effect of early life shocks on schooling by child labor prevalence,

controlling for household fixed effects. District child labor classifications use the leave-out

share of rounds a district has above median child labor. In column 3, child labor prevalence

is instrumented using a lasso-selected set of measures of adult employment share in different

crops. The outcome is “dropped out” and is measured at the individual level. The analysis

includes all children between the ages of 5 and 16. Regressions include fixed effects for age,

gender, and household. Standard errors are clustered by district. Source: ASER 2005-2014.
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Table A10: Estimates of Likelihood the Assigned Oldest Son is the True Oldest Son in ASER

Age No Migrants Including Migrants

5 0.969 0.935

6 0.955 0.921

7 0.940 0.908

8 0.926 0.884

9 0.898 0.846

10 0.871 0.816

11 0.841 0.767

12 0.779 0.691

13 0.746 0.657

14 0.658 0.572

15 0.572 0.475

16 0.532 0.440

Notes: For each household in the NSS 2007, this ta-

ble calculates the probability that the oldest son of the

household head between the ages of 5 and 16 (the only

children observed in ASER) is actually the oldest son

of the head. The “No Migrants” column only includes

children of the household head living in the household as

sons of the head. This provides an upperbound measure

of the probability that the assigned eldest is the true el-

dest since it ignores out-migration. The “Including Mi-

grants” column includes male out-migrants as sons of

the household head at the cost of inferring that a mi-

grant is a son if he is 15-40 years younger than the head.

Source: NSS 2007 migration supplement.
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Table A11: Effect of Early Life Shocks on Dropout For Oldest Sons, Alternative Age Cut-offs

Dropped Out (Individual)

(1) (2) (3) (4) (5) (6)

OLS OLS LASSO IV OLS OLS LASSO IV

Early Life Rain 0.00049 -0.0020*** -0.0029 0.00034 -0.0022*** -0.0035*

(0.00039) (0.00065) (0.0018) (0.00039) (0.00065) (0.0019)

Early Life Rain -0.00015 0.0027*** 0.0035** -0.00037 0.0023*** 0.0030*

× Oldest Son (0.00031) (0.00044) (0.0014) (0.00031) (0.00043) (0.0015)

Early Life Rain 0.0045*** 0.0062* 0.0047*** 0.0070*

× (Above Median) Child Labor (0.0012) (0.0034) (0.0012) (0.0036)

Early Life Rain -0.0052*** -0.0069** -0.0051*** -0.0062**

× (Above Median) Child Labor × Oldest Son (0.00091) (0.0027) (0.00094) (0.0030)

Mean Outcome (Not-Oldest Sons) .029 .029 .029 .03 .03 .03

Mean Outcome (Oldest Sons) .007 .007 .007 .011 .011 .011

Total Effect (Not-Oldest Sons) 0.0025*** 0.0033** 0.0025*** 0.0035**

SE of Total Effect (0.0007) (0.0017) (0.0008) (0.0018)

Total Effect (Oldest Sons) -0.000021 -0.00004 -0.00024 0.00025

SE of Total Effect (0.00042) (0.00072) (0.00042) (0.00077)

Kleibergan-Papp Robust F Stat (Not-Oldest Sons) 16.7 16.8

Kleibergan-Papp Robust F Stat (Oldest Sons) 16.5 16.8

Number Districts 567 567 567 567 567 567

Number Observations 2980773 2980773 2980773 3511408 3511408 3511408

Age Cutoff 11 11 11 12 12 12

Notes: This table reports the effect of early life shocks on dropout, allowing the effects to vary by child labor prevalence and whether a child is an oldest son. District

child labor classifications use the leave-own year out share of rounds a district has above median child labor. In columns 3 and 6, child labor prevalence is instrumented

using a lasso-selected set of variables for adult share for specific crops. Regressions include fixed effects for age by gender and district by time by gender, as well as an

indicator for oldest son and the relevant double-interactions. Standard errors are clustered by district. Source: ASER 2005-2014.
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