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We study the impact of child work on cognitive development in four Low- and
Middle-Income Countries. We advance the literature by using cognitive test scores
collected regardless of school attendance. We also address a key gap in the litera-
ture by controlling for children’s complete time allocation budget. This allows us
to estimate effects of different types of work, like chores and market/farm work,
relative to specific alternative time-uses, like school or study or play/leisure. Our
results show child work is more detrimental to child development to the extent
that it crowds out school/study time rather than leisure. We also show the adverse
effect of time spent on domestic chores is similar to time spent on market and
farm work, provided they both crowd out school/study time. Thus, policies to en-
hance child development should target a shift from all forms of work toward edu-
cational activities.
Keywords. Child labor, child development, education, time use, item response
theory, value added models.
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1. Introduction

Is child work harmful for child development? Existing evidence suggests the answer is
“probably yes.” But the results are inconclusive, because the prior literature suffers from
several important data limitations: First, and most fundamentally, it relies on cognitive
test scores collected only for children in school, creating an important selection prob-
lem. Second, it typically lacks test scores that are comparable across ages, limiting the
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usefulness of panel data methods to control for unobserved ability and unmeasured in-
puts. Third, it lacks data on the complete time budget of children, so it fails to control for
how children spend their non-work time. Hence, prior literature is not informative about
effects of child work relative to other uses of time, such as school/study and leisure.
Fourth, existing studies have failed to find reasonably strong instruments for child work,
or other uses of time, limiting the usefulness of instrumental variables methods.

We make substantial progress in overcoming these limitations by using Young Lives,
a multicountry panel data set that follows children in four low to middle income
countries—Ethiopia, India (Andhra Pradesh and Telangana), Vietnam and Peru—from
birth until age 22. The survey uses state-of-the-art methods to measure children’s cog-
nitive skills using scores on math and verbal tests. For the first time in the child labor
literature, Young Lives collected test scores that are both comparable over time and ob-
tained regardless of school attendance. The data also contain detailed information on
children’s time use over a “typical” 24-hour period, including time spent on market/farm
work, household chores, school, home study, sleeping, and playing. And the data either
contain, or can be linked with, detailed information on local weather, wages, and prices
that allow us to form better instruments for child work.

We use Young Lives data to estimate child cognitive ability production functions that
incorporate children’s complete time budget, as well as controls for other inputs (e.g.,
parent education, wealth, family structure). Of course, a fundamental problem con-
fronting the entire child development literature—not just our study—is that one cannot
measure all inputs to child development, or control perfectly for latent child ability. We
compare three ways to deal with this problem: Our preferred method is to exploit the
panel aspect of the data to estimate value added (VA) production functions where omit-
ted inputs and latent ability are proxied by a lagged test score (as in Todd and Wolpin
(2007), Fiorini and Keane (2014)).1 We also consider fixed effects (FE) models as an al-
ternative method to deal with omitted inputs and latent ability. And we implement an
instrumental variables approach using agricultural prices, wages, and weather to instru-
ment for child time-use. This is only feasible for Ethiopia, where such instruments are
strong because child labor is prevalent and heavily agricultural.

Our results are broadly consistent across the three approaches. We find time spent
on all forms of child work—either market/farm work or chores—has a comparable nega-
tive effect on child cognitive development if it crowds out school/study time. This result
is novel, as prior work typically finds time spent on chores is much less harmful for child
development than time spent on market/farm work. We also find that market/farm work
and chores do not have adverse effects on cognitive development if they only substitute
for leisure.2 Hence, policies that only shift work time to leisure will do little to enhance

1Several recent studies find VA models are a reliable way to control for latent ability. These studies
rely on simulation (Guarino, Reckase, and Wooldridge (2014)) or comparison of experimental and VA es-
timates (Angrist, Pathak, and Walters (2013), Deming, Hastings, Kane, and Staiger (2014), Muralidharan
and Venkatesh (2013)).

2Our IV results are similar to VA and FE in that work and chores both have similar negative effects relative
to school/study. But our IV results imply larger negative effects of both work and chores relative to leisure.
This may be because work/chores are particularly detrimental for “marginal” children pushed in and out
of child labor by the variation of the instruments.
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child development. It is important to design policies that shift children’s work time to-
ward educational activities.

We also examine heterogeneity in these patterns. We find young boys are a notable
exception, as market/farm work is more detrimental for them than either chores or
leisure. Market/farm work is particularly detrimental for young boys (ages 8 and 12).

We go on to show how failure to control for children’s complete time-use budget—
as is typical in prior work due to data limitations—leads to misleading conclusions. In
fact, it would cause us to conclude that market/farm work is much more harmful for
cognitive development than chores, simply because market/farm work tends to crowd
out more school/study time.

We proceed as follows: Section 2 reviews the literature, Section 3 presents a very sim-
ple theoretical model to guide the analysis. Section 4 describes the Young Lives data and
Section 5 describes our econometric methods. Section 6 to 9 present results obtained
using different methods, and Section 10 concludes.

2. Background and literature review

A large proportion of the world’s children are engaged in some form of work. According
to the International Labour Organisation (ILO) one in ten children in the world today
(or 152 million) participate in what they define as child labor.3 Prevalence is highest in
Africa where 20% of children are engaged in child labor, most of which is agricultural.
The extent of child work is higher if household chores are included. For instance, 54
million 5 to 14-year olds spend at least 21 hours a week on household chores (ILO 2017a).

There is broad consensus in policy circles that child labor is detrimental for child de-
velopment, making its elimination a high-profile issue in Low to Middle Income Coun-
tries (LMIC). The UN Sustainable Development Goals call for the eradication of all forms
of child labor by 2025. The great majority of the world’s children live in countries that
have ratified the ILO’s two main child labor conventions (ILO 2017b),4 and, according
to the ILO, from 2004 to 2014, 57 LMICs implemented 279 policies, plans, and programs
aimed at reducing child labor. There is also growing international pressure on compa-
nies to avoid using child labor. An example is the US Trade Facilitation and Trade En-
forcement Act of 2015, which banned import of goods made by forced or indentured
child labor.

Given this broad policy consensus, it is perhaps surprising that the academic lit-
erature on the effect of child labor on child development has failed to reach definitive
conclusions. There are several sources of ambiguity:

3We define “child work” to include not only paid market work, but also domestic chores, care respon-
sibilities, and work on the family farm/business. “Child labor” is typically defined as a narrower set of
activities, which excludes domestic chores (see ILO 2017b). The ILO defines child labor as “work that
is harmful to children’s physical and mental development [including] work that� � � interferes with their
schooling by: depriving them of the opportunity to attend school; obliging them to leave school pre-
maturely; or requiring them� � � to combine school attendance with excessively long and heavy work.”
(http://www.ilo.org/ipec/facts/lang–en/index.htm)

4Minimum Age Convention of 1973 (No. 138) and Worst Forms of Child Labour Convention, 1999
(No. 182).

http://www.ilo.org/ipec/facts/lang--en/index.htm
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Much of the evidence on child labor concerns its effects on schooling. Most stud-
ies find negative effects on schooling (see Assad, Levison, and Dang (2010), Beegle, De-
hejia, and Gatti (2009), Boozer and Suri (2001), Buonomo Zabaleta (2011), Sedlacek,
Duryea, Ilahi, and Sasaki (2009)), although some find complementarity (Patrinos and
Psacharopoulos (1997), Ravallion and Wodon (2000), Ray and Lancaster (2005)).

But the weaknesses of schooling as a measure of human capital are well under-
stood.5 This suggests we should focus instead on direct measures of human capital, like
ability test scores, which Glewwe (2002) finds predict wages better than schooling.

However, evidence on the impact of child labor on direct human capital measures
is limited. Early studies found negative correlations between child labor and ability test
scores (Akabayashi and Psacharopoulos (1999), Heady (2003)). Recent studies use panel
data or IV methods to try to establish causality. IV studies by Gunnarsson, Orazem, and
Sánchez (2006) and Bezerra, Kassouf, and Arends-Kuenning (2009) find negative effects,
but they are very imprecisely estimated. Emerson, Ponczek, and Portela Souza (2017)
may be the clearest evidence to date of a negative effect: Using fixed effects models to
control for latent child ability, they find that working while in school lowers annual test
score gains for children in Sáo Paulo municipal schools by roughly one quarter to three-
fifths. But Dumas (2012), who controls for lagged test scores, finds that, in Senegal, child
work actually has (small) positive effects on math scores.

There are important limitations to existing studies based on test scores: The stud-
ies cited above only have data on test scores for the subsample of children who are at
school. This may exclude children most adversely affected by child labor (i.e., those who
drop out). A key advantage of Young Lives is that it gathers test scores for all children
regardless of school attendance. Another advantage of Young Lives is that it provides test
scores that are comparable over time, something rarely achieved in existing data. This
allows use of panel methods like VA and FE models to study the evolution of test scores
over time (Das and Zajonc (2010)).

An additional limitation of the IV studies cited above is that they all suffer from very
weak instruments. But Young Lives contains, or can be linked to, detailed data on local
agricultural prices/wages and weather that let us form relatively strong instruments in
the Ethiopia case.

A final important limitation of existing studies is lack of data on the complete time
budget of children.6, 7 This precludes estimating effects of child work relative to specific
alterative activities like leisure or school/study. It also precludes testing whether differ-
ent types of child work have different effects on child development. Most prior stud-
ies focus on market work (Beegle, Dehejia, and Gatti (2009), Gunnarsson, Orazem, and

5Child labor may hinder learning even if it does not reduce school enrolment (Gunnarsson, Orazem,
and Sánchez (2006), Dumas (2012)). Conversely, nonschool activities, including child labor, may generate
human capital.

6A notable exception is Akabayashi and Psacharopoulos (1999), who look at effects of school attendance
and time spent working and studying on reading and math ability. But a key limitation of their study is that
the math and reading measures are simply parental reports of whether the child could read or do math.

7Some theoretical models consider more complete time-use vectors (Cigno and Rosati (2005), Edmonds
(2007)).
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Sánchez (2006)). But Edmonds (2007) descriptive analysis of UNICEF’s MICS data sug-
gests the total time a child spends on all types of work is likely to matter for human
capital, not just market activities. The Young Lives data enable us to fill this gap in the
literature because it collects the complete time budget of children. It separately classi-
fies market work, farm work, and household chores, allowing us to test the impact of
different types of work on child development.

3. A simple theoretical framework

In developed countries, school attendance is mandatory for young children. As a result,
the child development literature in that context focusses on how parental investments—
parental time and goods inputs, hours/quality of childcare, school quality—affect child
development. Child quality is viewed as an output produced by families (Becker (1960)).

But in developing countries many children do not go to school, and the child plays
an important dual role as both an output produced by families and an input into house-
hold production of goods/income. Allocation of a child’s time between market/farm
work, chores, and school is a first-order problem. Hence our simple theoretical frame-
work (and subsequent empirical work) emphasizes the allocation of a child’s time be-
tween school and work, while abstracting from the parental time inputs emphasized in
the developed county literature. But the key econometric problem is similar in both con-
texts: Time inputs are chosen by parents, so they are likely to be correlated with latent
child ability, creating an endogeneity problem.

To elucidate the endogeneity problem, as well as potential solutions, consider a very
simple unitary household model, where a household makes decisions about adult work
hours (h), child work hours (hc), and child school hours (s). The household faces a bud-
get constraint:

C = wh+wchc −ps +N ,

where C is consumption, w is the adult wage, wc is the child wage, p is the price of
school, and N is nonlabor income. The household also faces the time constraints:

l = H − h; lc =H − hc − s,

where H is available time, and l and lc are adult and child leisure, respectively. The fi-
nal constraint is the production function for child cognitive ability (Y ), which takes the
form:

Y = μ+ sβs − hcβh. (1)

Here, μ is the child skill endowment, βs is the effect of s on Y , and βh is the effect of
hc on Y , both measured relative to leisure (the residual category). The household max-
imizes a utility function u(C, Y , l, lc , s). Without loss of generality, we let utility depend
on both child leisure and school time, with child work hours the residual category. In
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this model, the three decision variables (h, hc , s) are driven by four exogenous factors—
namely w, wc , p, and N—as well as the child skill endowment μ. An interior solution
satisfies the first-order conditions:

ucw = ul, ucwc − uYβh = ulc , uYβs + us(μ) − ucp = ulc .

We write us(μ) to emphasize that the child skill endowment μ plausibly shifts the
marginal utility of school. For example, youth with higher μ may have a greater marginal
utility of school hours usμ > 0 because they are better at school and find it easier (see
Keane and Wolpin (1997)).

This simple model illustrates how the five factors w, wc , p, N , and μ influence the
solution (h∗, h∗

c , s∗). For clarity, consider a special case with p = 0, uYY = 0 and parent
work predetermined, and set all cross partials of u(·) to zero. Then total differentiation
of the FOCs (see Appendix A in the Online Supplementary Material (Keane, Krutikova,
and Neal (2022)) reveals that:

ds∗

dμ
= −usμ/[uss + ulclcRc ] > 0,

dh∗
c

dμ
= usμ/

[
uss + uccw

2
cRl

]
< 0,

where Rc = (uccw2
c /[uccw2

c + ulclc ]) and Rl = ([uss + ulclc ]/ulclc ). That is, school hours are
increasing in child ability, while child work hours are decreasing, in the plausible case
that usμ > 0, provided that uss < 0, ulclc < 0 and ucc < 0. We also have

ds∗

dN
= uccwc/

[
uss + uccw

2
cRl

]
> 0,

dh∗
c

dN
= −uccwc/

[
uccw

2
c + ulclc /Rl

]
< 0

so wealthier households choose a higher level of child schooling and less child work.8

The main point is that the child time allocation (h∗
c , s∗) is driven by both exogenous

factors (w, wc , p, N) and the child skill endowment μ. Thus, in estimating the production
function for child cognitive ability Y = μ+ sβs −hcβh we face the problem that s and hc

are likely to be correlated with μ. But on the plus side, there is also exogenous variation
in s and hc induced by (w, wc , p, N). We seek to identify the production function from
the latter.

There are three main approaches to this problem. First, we could estimate a struc-
tural model, estimating the cognitive ability production function jointly with house-
holds’ decision rules for child schooling and child work. Second, we could control for
μ when estimating the production function. Given panel data, we could use a FE model
where we difference out μ, or a VA model, where we use a lagged ability measure to proxy
for μ (see Todd and Wolpin (2003, 2007)). In these panel-data approaches, we identify
βs and βh from variation in s and hc induced by the variation in exogenous factors (w,
wc , p, N) holding μ fixed. Third, we could take an IV approach, using exogenous factors

8If we allow for uYY < 0 the sign of ds∗/dμ becomes ambiguous, as it depends on the relative magnitude
of uYY and usμ. But ds∗/dN remains unambiguously positive, while the sign of ds∗/dwc is ambiguous, as
it depends on income and substitution effects. Allowing for p > 0 complicates the analysis but does not
change the key points.
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(w, wc , p, N) to instrument for s and hc . We then identify βs and βh from exogenous
variation in s and hc induced by these instruments.

A structural approach would require us to expand the simple expository model
above into a more realistic model that we could credibly use to fit data on household
decisions. This would be incredibly challenging for several reasons: We would need to
model how the time inputs of parents, siblings and relatives are jointly determined—a
daunting task. Even if this approach were feasible, we lack the necessary data to imple-
ment it. We would also need to model farm households in Ethiopia, India, Peru, and
Vietnam in different ways, as crops, farm technology, and the role of children in farming
differ greatly by country. Furthermore, many households are urban so they face a whole
different set of constraints, again differing by country.

The VA, FE, and IV approaches are more practical, as they enable us to abstract from
the detailed structure of how households choose child time inputs. Instead, we can fo-
cus on estimating the production function for child cognitive ability in (1) separately
from the rest of the model. These approaches deliver consistent estimates of the pro-
duction function under different assumptions, and identify effects of time inputs using
different sources of variation, so each has advantages/disadvantages. If the VA model
assumptions hold then, conditional on the controls for latent ability (and other inputs),
all remaining variation in the time inputs is used to identify the production function.
The FE approach relies only on the within-child variation in the time inputs. The IV ap-
proach relies only on variation in the time inputs generated by the instruments. If the
instruments are valid this variation is independent of latent ability, but it is only a subset
of the variation used to identify the VA model. Thus, both IV and FE may entail a large
efficiency loss if the assumptions that underlie the VA approach are valid.

As a concrete example, when we implement IV in Section 8, our instruments include
a local wage index, assumed to capture local demand conditions. In our simple model,
local demand shocks would shift parent and child wages (w, wc), which in turn gener-
ates exogenous (independent of μ) variation in child time inputs.9 The VA approach im-
plicitly assumes such exogenous variation occurs “behind the scenes,” generating some
variation in child time inputs that is independent of latent ability. Thus, if we can ade-
quately control for μ in the production function, the VA approach identifies the effects
of child time inputs from all their observed variation that is independent of μ, including
variation induced by factors besides the instrument. In contrast, the IV approach relies
only on the independent variation in time use generated by the instruments, which is
only a subset of the variation used to identify the VA estimates. This is why IV is less
efficient (than VA) if the VA assumptions hold.

Prior to our work, only two papers used panel data to control for latent ability via
lagged scores (Dumas (2012)), or fixed effects (Emerson, Ponczek, and Portela Souza
(2017)). Young Lives is ideally suited to estimate VA and FE models as it collected, for

9It seems plausible that the dimension of latent skill (μ) that affects cognitive ability (Y ) is not relevant
for productivity in the sorts of menial work that children typically do. But even if it were, this is not a prob-
lem for the IV approach if instruments are uncorrelated with μ. Nor is it a problem for the VA approach
if we adequately control for μ in the production function, or for FE if differencing eliminates μ from the
production function.
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the first time, test scores that are both comparable over time and obtained regardless of
school attendance. Prior panel data analysis did not have the benefit of repeated mea-
sures with both features. Similarly, only three prior papers implemented IV: Gunnarsson
et al. (2006), Bezerra et al. (2009), Dumas (2012). They all suffer from weak instruments,
while Young Lives provides a richer set of instruments.

While our simple model divides child time into work, school and leisure, the Young
Lives data contain more detailed time use categories. Of particular interest is that it splits
work time into market/farm work and household chores. We are interested in whether
these different types of work have different effects on child development. For example, if
all that each type of work does is detract from school/study time, we would expect both
to have the same negative effect on child cognitive development. On the other hand,
market/farm work might be worse because it is more tiring, or better because the con-
tent of work teaches useful skills. It is also possible that different types of work have
different effects on math versus verbal skills (e.g., types of work that involve interaction
with adults might improve verbal skills). Furthermore, the content of work and school
may differ by county and child age.

Thus, in Section 5 we discuss how we generalize (1) to allow for a more detailed set of
child time inputs that distinguishes between market/farm work and household chores.
We also explain how we let the parameters of (1) differ flexibly by country/age.

4. The Young Lives data

Young Lives collects data on two cohorts of children from four countries: Ethiopia, India
(Andhra Pradesh and Telangana), Peru, and Vietnam. The “Older Cohort” (OC) was born
in 1994/95 while the “Younger Cohort” (YC) was born in 2001/02. They were surveyed
in 2002, 2006, 2009, and 2013. Thus, the YC is observed from birth through ages 12/13,
while the OC is observed from ages 8/9 through ages 19/20.

The sample contains about 12,000 children, consisting of 2000 YC and 1000 OC chil-
dren from each country.10 One hundred YC and 50 OC children were randomly sampled
from 20 sites in each country, selected to represent its demographic diversity, with a pro-
poor bias.11 Young Lives collect detailed information about each target child, as well as
detailed data on household economic circumstances and demographics.

All data were collected through home visits by interviewers; these include interviews
with the person who knows most about the socioeconomic circumstances of the house-
hold, and the primary caregiver of the target child. The interviewer also does a direct
assessment of the target child. At older ages, the target child was also interviewed. In
each round, an intense effort was made to find children who had moved since the prior
survey. As a result, attrition from 2002 to 2013 is very low—only 3.6% in the YC and 8.3%
in the OC.12

10In Peru, only 714 OC children were enrolled due to capacity constraints during the first round.
11With the exception of Peru, samples were not selected to be statistically representative. However, sub-

sequent comparisons to nationally representative surveys in each country have shown that the data re-
flect the diversity of children in the two cohorts across a wide number of variables. See technical notes at
www.younglives.org.uk.

12These figures increase to 5.5% and 9.1% if we include mortality.

http://www.younglives.org.uk
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Table 1. Analysis sample sizes by country, round and outcome variable.

Ethiopia India Peru Vietnam

Math Verbal N Math Verbal N Math Verbal N Math Verbal N

R3, 2009 (YC, 8) 1240 488 1885 1672 1382 1931 1846 1738 1942 1701 1640 1961
R4, 2013 (YC, 12) 1799 714 1867 1857 1560 1912 1828 1750 1902 1840 1807 1918
R3, 2009 (OC, 15) 924 362 974 931 859 976 653 627 676 918 910 976
R4, 2013 (OC, 19) 851 NA 905 920 NA 951 575 NA 635 775 NA 882

Cognitive ability test scores were not collected in the first round, so we restrict our
analysis to the 2nd, 3rd, and 4th rounds. The YC children were on average age 5, 8, and
12 in rounds 2, 3, and 4, respectively; the OC children were 12, 15, and 19. We control for
lagged test scores in our models, so the round two data are only used to form these lags.
Combining the two cohorts, we can study outcomes at ages 8, 12, 15, and 19 in rounds 3
and 4. Verbal test scores were not collected at age 19.

Table 1 shows total (N) and analysis sample size for each country at each age. In most
cases, the analysis sample is slightly smaller than N due to missing values for test scores,
time use and/or controls. But in some cases, we lose more data for two main reasons.

First, we focus on the largest language group in each country, as the verbal skill mea-
sure is language specific. In Ethiopia, this is Amharic, which is only a quarter of the full
sample. We also lose 20% of the India sample for a similar reason. Second, time-use data
were only collected at ages 5+. Not all children had turned 5 by the 2nd round, so we
lose 10 to 20% of the age 8 observations for the YC due to missing lagged scores.

4.1 Child skill assessments

The first key feature of Young Lives that makes it ideal for our analysis is the high-quality
of the cognitive skill measures. Math and verbal skills were tested regardless of whether a
child was in school, allowing us to avoid the selection bias present in prior studies. As we
discuss in Appendix B, state-of-the-art item response theory (IRT) methods were used
by the Young Lives team to create tests that are comparable across ages and countries.

Math tests were administered to the young cohort at ages 5, 8, and 12 and the older
cohort at 12, 15, and 19. Math skills at age 5 were assessed by the Cognitive Development
Assessment (CDA), designed by the International Association for Evaluation of Educa-
tional Achievement to assess cognitive development of young children (Montie, Xiang,
and Schweinhart (2006)).13 After age 5, math skills are assessed using paper-based tests
designed by education experts on the Young Lives team. In order to cover the wide range
of math proficiency across countries and ages, the tests contain items of highly varied
levels of difficulty (see Appendix B).

13The CDA tests children’s understanding of concepts such as few, most, half, many, equal, and pairs
with statements such as “Point to the plate that has fewer cupcakes.”
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Verbal skills are measured by the Peabody Picture Vocabulary Test (PPVT).14 The
PPVT was administered to the younger cohort at ages 5, 8, and 12 and the older cohort
at ages 12 and 15. In the PPVT, the child is asked to select a picture that best gives the
meaning of a stimulus word presented orally by the examiner.15

4.2 Children’s time-use

The second feature that makes Young Lives ideal for our analysis is the data on child
time use, collected starting in round 2, when the YC were 5 and OC were 12. Young Lives
measures time spent on eight activities in a “typical weekday”: (1) sleep; (2) caring for
other household members; (3) domestic tasks (e.g., fetching water or firewood, cleaning,
cooking, washing); (4) tasks on the family farm, cattle herding, other family business; (5)
paid work and other activities outside the home; (6) school (including travel time); (7)
study outside of school (at home, extra tuition); (8) play time and leisure. We combine
categories (2) and (3) into a single category that we call “domestic chores,” and we com-
bine categories (4) and (5) into a single category we call “market/farm work.”

Table 2 presents summary statistics for time allocation. Work at ages 8 and 12 is most
prevalent in Ethiopia, where children average 4 hours of total work per day (domestic
chores plus market/farm work). Peru is next with total hours of 1.63 per day at age 8 and
2.37 at age 12. Work time at young ages is lowest in India—0.58 hours per day at age 8 and
1.15 hours at age 12. Combined school/study time at ages 8 and 12 follows the reverse
pattern. It is highest in India (about 9 1/2 hours per day), and lowest in Ethiopia (6 to 7
hours per day). Interestingly, school time in Vietnam is lower than in any other country,
but study time is much higher.

In all four countries, children at ages 8, 12, and 15 spend (on average) more time on
domestic chores than market/farm work, typically by a wide margin. But at age 19 time
spent on market/farm work is greater. Combined work time increases sharply in India,
Peru, and Vietnam at age 19, catching up to the levels in Ethiopia.

Leisure time is highest in Vietnam (5 to 6 hours per day depending on age), and next
highest in India (4 to 5 hours per day). In Peru, it varies from 3 1/3 to 4 1/4 hours per day,
and it is lowest in Ethiopia, where it varies from 3 to 4 1/3 hours. In all four countries,
sleep time is 9 to 10 hours at age 8 and drops to about 8 1/3 hours at age 19.

Table 3 summarizes work time along the extensive and intensive margins. At age 8,
the fraction of children who do some form of work is 38% in India, 54% in Vietnam, 76%
in Peru to a high of 93% in Ethiopia. By age 12, the large majority of children do some
work in every country. Domestic chores are more common than market/farm work in all
countries and at all ages. At age 8, the fraction of children engaged in market/farm work
ranges from low single digits in India and Vietnam to 16% in Peru and 40% in Ethiopia.
But by age 15, about a quarter to a half of children are engaged in market/farm work.

14The PPVT-III (Dunn, Dunn, and American Guidance Service (1997)) was adapted for administration
in Vietnam, Ethiopia, and India. In Peru, the Spanish version PPVT-R adapted for Latin America was used
(Dunn, Padilla, Lugo, and Dunn (1986)).

15Several studies find a strong positive correlation between PPVT and commonly-used intelligence tests,
such as the Wechsler and McCarthy Scales (Campbell (1998), Campbell, Bell, and Keith (2001), Gray, Plante,
Vance, and Henrichsen (1999).



Quantitative Economics 13 (2022) Child work and cognitive development 435

Table 2. Child time allocation—mean hours of each activity in a “typical day.”

Sleep
Domestic
Chores*

Market/Farm
Work* All Work At School

Studying
at Home Play/Leisure

Ethiopia
Age 8 9.63 2.47 1.47 3.94 5.07 1.05 4.31
Age 12 9.25 2.43 1.63 4.06 5.63 1.47 3.59
Age 15 8.66 3.16 1.70 4.86 5.62 1.88 2.98
Age 19 8.50 2.65 3.26 5.91 3.72 1.68 4.20
India
Age 8 9.15 0.56 0.03 0.58 7.69 1.84 4.74
Age 12 8.95 0.97 0.18 1.15 8.06 1.85 3.99
Age 15 8.27 1.68 1.47 3.16 6.50 2.04 4.03
Age 19 8.24 2.59 3.16 5.75 3.78 1.21 5.02
Peru
Age 8 9.97 1.37 0.25 1.63 6.21 1.94 4.25
Age 12 9.51 1.87 0.51 2.37 6.24 2.07 3.80
Age 15 9.15 2.18 1.07 3.25 6.11 2.16 3.33
Age 19 8.47 2.62 3.93 6.55 3.70 1.54 3.74
Vietnam
Age 8 9.72 0.80 0.10 0.89 4.96 2.84 5.59
Age 12 8.97 1.36 0.42 1.78 5.46 2.71 5.08
Age 15 8.69 1.62 1.44 3.06 4.24 3.05 4.96
Age 19 8.28 1.83 4.16 5.99 2.83 1.25 5.64

Note: Domestic chores include caring for others in the household (e.g., younger children or ill household members) and
domestic tasks (such as fetching water, firewood, cleaning, cooking, and washing); Market/farm work includes tasks on the
family farm, cattle herding, other family business (not just farming), as well as paid work or activities outside of the household
for someone not in the household.

Looking at the column of Table 3 headed “Both,” we can see that the large major-
ity of children who do market/farm work also do chores (consistent with MICS data in
Edmonds (2007)). But less than half of children who do domestic chores also do in mar-
ket/farm work.

Conditional on working, children aged 8–12 work about 4 hours per day in Ethiopia,
and roughly 2 hours per day in the other three countries. Ethiopia stands out as the
country with highest level of child work, with 90% of children working at all ages, and
mean hours (conditional on working) at least 4 1/4 per day, even at age 8.

Figure 1 describes how school time varies with total hours spent on market/farm
work or household chores. The results are from a multivariate fractional polynomial
model, including controls for country, child age, and household demographics (see Ap-
pendix C for details). As the figure shows, it is possible to sustain up to 3 hours of work or
chores time with only modest reductions in school hours.16 Beyond that, school hours
fall more quickly. Also, we see that market/farm work crowds out school time more
rapidly than chores.

16Similarly, using data from UNICEF’s MICS project, Edmonds (2009) finds work hours can increase up
to a threshold with little effect on school attendance.
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Table 3. Prevalence and intensity of chores and work by age and country.

Incidence of Work (%) Hours Conditional on Work

Work
any

Domestic
Chores
(any)

Market
and Farm

Work (any) Both
Domestic

Chores
Market/Farm

Work
Total

(if any Work)

Ethiopia
Age 8 93 85 40 33 2.89 3.67 4.25
Age 12 94 85 48 39 2.87 3.41 4.33
Age 15 99 92 45 38 3.45 3.77 4.92
Age 19 91 73 53 34 3.64 6.20 6.50
India
Age 8 38 38 01 01 1.48 2.39 1.53
Age 12 69 68 04 03 1.43 4.37 1.65
Age 15 77 72 23 19 2.33 6.29 4.12
Age 19 88 83 41 36 3.14 7.65 6.55
Peru
Age 8 76 75 16 14 1.84 1.57 2.12
Age 12 90 88 25 23 2.12 2.02 2.65
Age 15 91 89 33 30 2.46 3.28 3.56
Age 19 91 74 53 35 3.55 7.47 7.19
Vietnam
Age 8 54 52 04 03 1.53 2.30 1.66
Age 12 77 74 21 18 1.83 2.06 2.32
Age 15 93 87 33 26 1.86 4.41 3.27
Age 19 93 80 57 44 2.28 7.33 6.44

Note: Domestic chores include caring for others in the household (e.g., younger children or ill household members) and
domestic tasks (such as fetching water, firewood, cleaning, cooking and washing); Market/farm work includes tasks on the
family farm, cattle herding, other family business (not just farming), as well as paid work or activities outside of the household
for someone not in the household.

4.3 Other inputs and descriptive statistics

Our simple model of Section 3 abstracted from goods inputs into child development,
but it is important to control for them as well. As in all prior work, we do not observe
goods directly, so we proxy for them using measures of household resources.17 These are
a household wealth index and parents’ education, which proxy for permanent income,
the child’s height-for-age z-score, which is a good proxy for nutrition inputs, and the
number of siblings and relatives in the household, which influence resources available
for the target child. Good data on current income is only available for Ethiopia, Peru, and
India in round 3, which correspond to age 8 for the YC and 15 for the OC. But in these
cases we find income is insignificant in our models once we control for our resource
measures, so we exclude it from our main specifications.18

17As we discussed in Section 3, child work can be an important source of income. Hence, child labor bans
may harm children by reducing household resources (Basu (1999), Jacoby and Skoufias (1997)).

18Given the volatility of current income, as well as measurement error, our resource measures are likely
to be better proxies for goods inputs, as they capture permanent income. Furthermore, height-for-age is a
very good proxy for nutrition inputs, which is presumably very highly correlated with overall goods inputs.
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Figure 1. Evolution of school hours with market/farm work and domestic chores. Note: Fig-
ure 1 shows the predicted level of school hours conditional on market/farm hours or hours of
domestic chores. We combine data for all countries and ages. The results are from a multivariate
fractional polynomial model, including controls for country, child age, and household demo-
graphics. See Appendix C for details. The curve for market/farm work holds chores fixed, and
vice versa. 95% confident intervals are shaded.

Appendix D reports summary statistics for the control variables (in round 2 in 2006).
Parental education is much lower in Ethiopia and India than in Peru and Vietnam. About
half of mothers in Ethiopia and India have no schooling. Ethiopian children tend to live
in larger households with more siblings. The Ethiopia, India, and Vietnam samples are
mostly rural, while Peru is more urban. In all countries, the average child is at least a
standard deviation shorter than a typical healthy child of their age, reflecting the pro-
poor bias of the survey.

5. Estimation: Value added and fixed effects approaches

The child cognitive ability production function that we take to the data is a substantial
generalization of Eq. (1) in the simple expository model of Section 3. To fix ideas, let the
production function for measured skill, given by the test score Y of child i at age a, be

Yia = Fa
(
Xi(a), U i(a), μi, mia

)
, (2)

where Xi(a) = (xi1, � � � , xia ) and U i(a) = (ui1, � � � , uia ) are vectors that contain the his-
tory of observed and unobserved inputs into child development, while μi is child i’s
innate ability (or latent skill), and mia captures transitory measurement error in the skill
test. Assuming for simplicity we observe a child for two periods, and the production
function is linear, we have:

Yi1 = x
′
i,1β

1
1 + u

′
i,1γ

1
1 + ρ1μi +mi1, (3)
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Yi2 = x
′
i,2β

2
2 + x

′
i,1β

2
1 + u

′
i,2γ

2
2 + u

′
i,1γ

2
1 + ρ2μi +mi2, (4)

where βa
t is the effect of an age t input on ability at age a, and similarly for γa

t .
A great challenge in estimating this model is omitted variables. We do not observe

μi or (ui1, ui2) as no data set can contain a complete history of relevant inputs. An endo-
geneity problem arises if these unobserved inputs are correlated with the observed in-
puts. There are two main approaches to deal with this problem using panel-data: First,
under the assumption that ρ2 = ρ1 = ρ, a first-difference (FD) transform will eliminate
latent skill, as in

Yi2 −Yi1 = x
′
i,2β

2
2 − x

′
i,1

(
β1

1 −β2
1

) + (
u

′
i,2γ

2
2 − u

′
i,1

(
γ1

1 − γ2
1

) +mi2 −mi1
)
. (5)

Thus, estimation of a first-difference model, or fixed effects (FE) if T > 2, gives
consistent estimates of effects of observed inputs—time-use variables in our case—if:
(i) the effects of unobserved inputs are time invariant (i.e., u

′
i,2γ

2
2 = u

′
i,1(γ1

1 − γ2
1 )) so

they drop out of (5), or if (ii) observed inputs are uncorrelated with the non-zero part
of u

′
i,2γ

2
2 − u

′
i,1(γ1

1 − γ2
1 ).

Alternatively, one may use a value added (VA) specification to attempt to control for
unobserved ability and other unobserved inputs. The standard VA model has the form:

Yi2 = ρYi,1 + x
′
i2β

2
2 + (

u
′
i,2γ

2
2 + εi2

)
, (6)

where we make explicit the unobserved inputs in the error. Substituting for Yi1 we obtain

Yi2 = x
′
i2β

2
2 + x

′
i,1ρβ

1
1 + u

′
i,1ργ

1
1 + ρρ1μi + ρmi1 + u

′
i,2γ

2
2 + εi2. (7)

Note that (7) is equivalent to (4) if (i) the effect of the latent skill endowment de-
preciates at the rate ρ, so ρ2 = ρρ1, (ii) the effect of lagged inputs (both observed
and unobserved) also depreciate at rate ρ, so that β2

1 = ρβ1
1, and γ2

1 = ργ1
1, and (iii)

εi2 ≡ mi2 − ρmi,1. Thus, in a VA model, the lagged test score controls for latent ability
and lagged inputs provided that the common depreciation rate assumption holds.19

The error term in the VA model in (6) contains unmeasured current period inputs,
ui2. So does the error term in the FE model in (5) unless u

′
i,2γ

2
2 = u

′
i,1(γ1

1 − γ2
1 ). So in

each case, endogeneity arises if ui2 is correlated with measured current inputs (xi2).20

One way to deal with this problem is IV, but we defer discussion of that approach
until Section 7. In the VA and FE approaches, we include measures of family back-
ground and nontime inputs in our models in an attempt to control for uia as well as

19With more than two periods, conditions (i) and (ii) generalize to ρa = ρa ∀a, and βa
a−k = ρkβ ∀a, and

γa
a−k = ρkγ ∀a. That is, the VA model assumes effects of lagged inputs xi,a−k and the initial skill endow-

ment μi on Yia all depreciate at rate ρ. Of course, as ρ → 1 the VA and first difference (or FE) models are
equivalent.

20For example, suppose the nutrition input into child development is unmeasured. A positive shock to
the wage of child labor may cause an increase in child work that is exogenous in the sense it is uncorrelated
with ability, but it may also improve the nutrition input because household income increases. Thus, we
may underestimate the ceteris paribus negative effect of child work because it coincides with improved
nutrition. But we provide evidence that our resource measures are good enough to allay this concern; see
Section 4.3.
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possible. 21, 22 Letting bia denote this vector of controls, and extending our model to a

periods, we rewrite (6) as

Yia = ρYi,a−1 + x
′
iaβ

a
a + b′

iaδia + εia. (8)

As Todd and Wolpin (2003) stress, the FE and VA models give consistent estimates
under different conditions. The FE model assumes latent child ability and other unob-
served inputs have constant effects over time, so differencing or demeaning eliminates
them, while the VA approach assumes their effects depreciate at a common rate over
time, so lagged test scores control for them. We adopt VA as our preferred approach, as
specification tests in Todd and Wolpin (2007) and Fiorini and Keane (2014) favor it, as
do the validation studies noted in the Introduction. But we also estimate FE models as a
robustness check.

Finally, we present our estimating equation. Following Todd and Wolpin (2007), we
relax the VA model’s common depreciation rate assumption by estimating an “extended”
VA model that adds lagged inputs xi,a−1 to (8). We also extend the VA model by allowing
the depreciation rate of the lagged score and lagged inputs to vary by age. Then we have

Yia = ρaYi,a−1 + x
′
iaβ

a
a + x

′
i,a−1πa + b′

iaδia + εia. (9)

We estimate Eq. (9) separately for children of each age in each country.
In our specification of (9), the time-varying inputs xia are the vector of child time

uses: time spent on market/farm work, domestic chores, school, study, leisure, and
sleep. The control variables bia are characteristics of the child (age, gender, religion,
ethnicity, height-for-age z-score), the parents (father’s and mother’s age and education,
whether both parents are present), and the household (urban/rural, wealth, siblings, and
other adults present).

Note that the elements of bia either vary deterministically over time (age), change
little over time, or are time-invariant. Thus, we do not include bi,a−1in (9). The full set of
control variables included in the main models are listed in Appendix D.

We also estimated VA models like (9) with height-for-age as the dependent variable;
see Appendix E. We find children’s time use is insignificant in this regression, while our
household resource proxies are highly significant with expected signs. This implies time
use is uncorrelated with unmeasured nutrition inputs once we control for our resource
measures.

21Formally, the VA model gives consistent estimates of the effects of current observed inputs if (i) and (ii)
hold, Yi,a−1 is predetermined and observed current inputs xia are uncorrelated with unobserved current
inputs uia.

22Measurement error in the lagged test score is also a potential problem for the VA model. The error term
εia in (8) includes—ρmi,a−1. So εia is negatively correlated with measurement error in the lagged test score.
This biases ρ̂ downward, and biases β̂ in an ambiguous direction. We find instrumenting for the lagged
score using a different test shifts ρ̂ upward by 50% or more, but has little impact on estimated effects of the
time inputs.
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6. Effects of child work on child development—disaggregate VA results

We present our results in four parts. Here, we estimate the impact of child work on child
development at the country/age level using the VA approach. Sections 7 and 8 report
results using FE or IV methods. Then in Section 9, we return to the VA approach and
focus on heterogeneity in effects of work by country, age, level of hours, skill, and gender.

6.1 Child work and child development: Results by country/age

First, we estimate the cognitive ability production function in (9) separately by coun-
try/age. For each of the four countries we estimate math equations for ages 8, 12, 15, and
19, and verbal equations for ages 8, 12, and 15. This gives 28 regressions (16 for math,
12 for verbal), so we cannot present all estimates. Instead, Figures 2 and 3 summarize
our main results graphically by plotting the coefficients on the key variables of interest:
hours of domestic chores and market/farm work. We also report 95% confidence inter-
vals around the point estimates. We focus on effects of current time use (see Appendix F
for discussion of the lagged test score and lagged time inputs, and Appendix K for the
resource measures).

We begin by looking at simple models where time use enters linearly. Thus, effects
that we estimate here should be interpreted as effects at the margin for a typical child.
Later, in Section 9, we study whether effects of child work differ by the level of hours or
ability.

To identify the model, we must choose an omitted time use category. We then ob-
tain estimates of the effect of child work relative to that category. While the choice of
omitted category has no substantive importance, it has practical importance for proper
interpretation of the estimates. For example, if we omit leisure, the coefficient on chores
is interpreted as the effect of increasing time spent on chores by one hour while reduc-
ing leisure by one hour. Thus, a simple way to visualize the effect of child work relative
to each alternative time-use category is to omit each category in turn and plot the coef-
ficients on domestic chores and market/farm work in each case. We do this in the three
panels of Figures 2 and 3.

The results presented in Figures 2 and 3 provide no clear evidence that time spent
working is less productive for children’s math and verbal ability than time spent in
leisure. In contrast, there is strong evidence that child work is detrimental for the de-
velopment of math and verbal skills if it crowds out school time or study time. In inter-
preting the evidence in the figures, we will abstain from commenting on age or country-
specific coefficients, and instead focus on overall patterns. The large number of effects
we estimate creates a high probability of Type I error, so we do not want to read too
much into significance of individual estimates.

For instance, In Figure 2 Panel A, where leisure is the omitted category, we find that
for math scores, the effect of an extra hour spent on domestic chores instead of leisure
is significantly negative (5% level) in only one of the 16 cases. Similarly, only 2 out of
the 16 estimates of the effect of time spent on market/farm work relative to leisure are
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Figure 2. Effect of child work on math scores.
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Figure 3. Effect of child work on verbal scores.
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significantly negative.23 Almost all coefficients are small in magnitude, and 15 of the 32
are the “wrong” sign (i.e., the point estimate of the child work effect is actually positive).

Figure 3 Panel A shows similar results for verbal development. The effect of chores
relative to leisure is significantly negative (at the 10% level) in only 1 of the 12 cases,
and in 7 cases the estimates are the “wrong” sign. Similarly, only 1 of 12 estimates of
effects of market/farm work relative to leisure is significantly negative at the 5% level.
Thus, we find no evidence for the proposition that child work is detrimental for cognitive
development, either math or verbal, provided that work only crowds out leisure time.

In contrast, we find strong evidence that child work is detrimental for development
of math and verbal skills if it crowds out school time. In Figure 2 Panel B, where school
is the omitted category, we find that, for math scores, 12 of the 16 estimates of the effect
of an extra hour spent on market/farm work instead of school are significantly negative
at the 5% level. Similarly, for verbal skills (see Figure 3(B)), all 12-point estimates of the
effect of market/farm work relative to school are negative, and 7 are significant (4 at the
1% level).

We also find clear evidence that time spent on domestic chores is detrimental for
child development if it crowds out school. For math scores all point estimates are neg-
ative, and 8 of 16 are significant (see Figure 2 Panel B). And the median point estimate
for the effect of chores is very close to what we found for market work (both are roughly
−0.04 standard deviations per hour). But for verbal scores our results are much weaker.
While almost all point estimates are negative, only a couple are significant (see Figure 3,
Panel B), and the median point estimate is small.

Finally, in Panel C of Figures 2 and 3 we show results with study time as the omit-
ted category. Here, there is a clear pattern of mostly significant negative effects of both
chores and market/farm work on both math and verbal scores. In fact, our estimates of
the negative effects of work time relative to study time are more consistently significant
than were our estimates for work relative to school. This suggests that study is more pro-
ductive for child development than school time per se in the LMIC context. This is not
surprising given the evidence of low school quality in many LMIC’s (see Glewwe and
Muralidharan (2016)).24

To put the effect sizes in Figures 2 and 3 in some context, the median point esti-
mate implies an extra hour of market/farm work relative to time at school reduces math
scores by 0.04 standard deviations, and verbal scores by 0.065 standard deviations. Re-
call from Table 3 that the average child engaged in market/farm work in Ethiopia works
about 3.5 hours per day at ages 8, 12, and 15. The median point estimate (−0.04) implies
such an increase in work relative to school would lower math scores at a given age by
0.14 standard deviations. This is equivalent to 16% of the average gain in math scores

23Given we are reporting 32 estimates, it would not be the least bit surprising to find 3 false positives
due to type I error under the (true) null hypothesis that the effect of child work is no different from that of
leisure.

24In Appendix G, Figure G1, we show results where study is an omitted category so we can focus on the
effect of school relative to study. In the large majority of cases, the point estimates imply time spent studying
is more productive than time spent in school. But the difference is not usually significant. Combining the
math and verbal results, we find that in 4 out of 28 cases the difference is significant at the 5% or 1% level.
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between age 8 and 12, and 25% of the average gain between age 15 and 19. This effect is
magnified by the dynamics of the model.

It is interesting that our estimates of the negative effects of domestic chores on child
outcomes are in most cases very similar to those for market/farm work.25 Some prior
work finds market/farm work has a more adverse impact on child development (see
Bezerra et al. (2009), Buonomo Zabaleta (2011), Emerson, Ponczek, and Portela Souza
(2017), Gunnarsson, Orazem, and Sánchez (2006), Orazem and Gunnarsson (2004)). We
explore this contrast in the next subsection.

6.2 Comparison to “status quo” results

We have estimated effects of time spent working relative to specific alternative activities.
In contrast, the typical approach in the child labor literature—due to lack of data—is to
simply estimate the effect of work time without controlling for other time uses.26 We call
this the “status quo” approach. Here, we replicate the “status quo” type of analysis by
estimating the model in Eq. (9) but including only measures of time spent on domestic
chores or on market/farm work, omitting any controls for other uses of time.

The results are reported in Figure 4. These imply that hours spent on market/farm
work have an unambiguous negative effect on math and verbal skills. In contrast, there
is no evidence that hours spent on domestic chores have a detrimental effect on verbal
skills. There is some weak evidence that hours spent on domestic chores are detrimental
for math skills (i.e., 4 of 16 estimated effects are significantly negative), but the point
estimates are generally much smaller in magnitude than we see for market/farm work.

Thus, application of the “status quo” analysis to our data yields the conclusion, sim-
ilar to that drawn in several previous studies, that market/farm work is harmful for child
development, while time spent on domestic chores is either not harmful, or much less
so. In contrast, our results in Figures 2 and 3 imply that neither time spent on domes-
tic chores nor market/farm work is harmful for child development if they substitute for
leisure time. But time spent on domestic chores and market/farm work are both harm-
ful for development—and roughly equally so in most cases—if they substitute for school
time or study time.27

The key reason the “status quo” approach implies that market/farm work is more
harmful than chores is that time spent on market/farm work is associated with greater
reductions in school time than time spent on domestic chores. This is shown in Figure 1.

7. Fixed effects results

Here, we investigate whether our results are robust to using a fixed effects (FE) approach
to deal with unobserved ability and inputs, instead of value added (VA). The FE model

25In Appendix G, Figure G2, we make domestic chores the omitted time-use category and focus on the
impact of market/farm work relative to chores. We find little evidence that work is worse for development
than chores.

26Examples of this type of analysis are Akabayashi and Psacharopoulos (1999), Bezerra et al. (2009),
Buonomo Zabaleta (2011), Heady (2003), and Ray and Lancaster (2005).

27Some “status quo” studies include an indicator for whether a child works, rather than actual work
hours. In Appendix H, we show this generates similar results.
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Figure 4. “Status quo” analysis of impact of work hours on math and verbal scores. Note: The
coefficients are from regressions that include only hours of market/farm work or chores, without
controls for other time uses. This “status quo” approach contrasts with our main models that
control for time allocated to six possible time-use categories that make up a complete 24 hours.

is obtained by generalizing Eq. (5) to a periods, and assuming our control variables bia
capture the influence of unobserved inputs:

Yia −Yi,a−1 = x
′
i,aβ

a
a − x

′
i,a−1β

a∗
a−1 + b′

iaδia + ε∗
ia, (10)

where βa∗
a−1 ≡ (βa−1

a−1 −βa
a−1 ) and ε∗

ia ≡ (mia−mi,a−1 ).28 While the VA model assumes un-
observed ability is captured by the lagged outcome measure, in the FE model the effect
of latent ability is differenced out under the assumption that its effect on child outcomes
is age invariant. Large differences between the VA and FE estimates would suggest our
results are vulnerable to the specific way in which we control for unobserved ability.

Figure 5 reports the FE results for math. The FE model is less efficient than VA, for the
usual reason that it relies purely on within subject variation (differencing out all between

28This is analogous to how we derived our VA estimating equation Eq. (9) from the model in (6).
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Figure 5. Fixed effects results for math scores.

subject variation). For this reason, we merge the school and study categories into a single
“school/study” category. Also, we cannot obtain fixed effects estimates for age 8 because
the CDA math test taken at age 5 is not exactly comparable to math tests at later ages.

As before, we find no evidence that chores or market/farm work are detrimental for
child math skills if they substitute for leisure time (Figure 5, Panel A). However, both
chores and market/farm work do have detrimental effects on math ability if they substi-
tute for school/study time (Figure 5, Panel B). Thus, our FE results for math are qualita-
tively similar to the VA results. The FE results for verbal scores (available on request) are
also very similar.

It is comforting that our main results are not sensitive to the specific way we control
for latent ability and unobserved inputs. The similarity of the VA and FE results, despite
the fact that these estimators give consistent estimates under somewhat different as-
sumptions, gives us added confidence in the robustness of our main conclusions.

Appendix I presents additional discussion of the role of unobservables in our analy-
sis. We find OLS estimates exaggerate the negative impact of work and chores on math
and verbal scores by a factor of 2 to 3.
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8. Instrumental variables results

We are aware of only three prior studies that attempt to infer the effect of child work on
cognitive test scores using IV. Gunnarsson, Orazem, and Sánchez (2006) instrument for
child work using mandatory school entry/exit ages across nine Latin American coun-
tries. Bezerra, Kassouf, and Arends-Kuenning (2009) use the unskilled wage in the state
of residence in Brazil. And Dumas (2012) uses rainfall (children work less in droughts)
and commuting time to school in Senegal. The results are contradictory, as the former
two papers find negative effects of child work, while the latter finds positive effects. All
three studies find 2SLS estimates of effects of work on cognitive ability that are, surpris-
ingly, several times greater in magnitude than OLS estimates. But the 2SLS estimates are
also very imprecise, suggesting weak instruments are an issue.

Our challenge in finding appropriate instruments is greater, as we seek to infer the
effect of a child’s entire vector of time use, so we need to instrument for several endoge-
nous variables.29 To mitigate the problem, we combine school and study into one cate-
gory (which we treat as the omitted category). We then need to instrument for four en-
dogenous variables: hours spent on market/farm work, chores, leisure, and sleep. A key
challenge is to find instruments that generate independent variation in all four, in par-
ticular, in work versus chores.

As a guide to finding good instruments, we examined prior papers that instrument
for child work to estimate its effect on schooling: Boozer and Suri (2001) use regional
rainfall in Ghana, while Beegle, Dehejia, and Gatti (2009) use the price of rice at the
community level in Vietnam. In the Nicaraguan context, Buonomo Zabaleta (2011) uses
a large set of instruments including weather shocks, wage rates, distance to school, and
access to electricity and water.30 We also consulted reduced form studies of how shocks
affect child labor: Beegle, Dehejia, and Gatti (2006) find that crop loss shocks increase
child work and chores, and reduce school attendance in Tanzania. Trinh, Posso, and
Feeny (2020) find that below average rainfall reduces child work and chores in Vietnam.

Based on this prior work, we decided to construct instruments based on agricultural
prices, local wages and prices, rainfall and weather shocks, and distance to school. More
specifically, for each household/year we construct an agricultural price index where spe-
cific crop price indices are weighted by the quantity of each crop the household grows.
We also construct a livestock output price index based on the price of each animal’s out-
put (e.g., price of eggs for chickens), weighted by the quantity of each type of animal the
household holds.

We construct community wage indices using local wage rates for men and women
in several occupations reported in Young Lives, and taking the first two principle com-
ponents of those series. Similarly, we construct a consumer price index by taking local

29Notably, Dumas (2012) attempted to estimate the effect of both work hours and school but was not
successful in finding strong instruments for school.

30Buonomo Zabaleta (2011) also uses school quality, household assets, household head education,
household size, and number of young children. We chose not to use these sort of variables as excluded
instruments as we suspect they may be correlated with household resources, or enter the test score pro-
duction function directly.
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prices for a range of common goods reported in Young Lives, and taking the first two
principle components of those series.

Next, we linked Young Lives to local rainfall data for the 2 and 12 month preinterview
periods by using satellite data (see Appendix J). We take deviations from 20-year means
to construct rainfall shocks. These are interacted with interview month to allow different
effects of rainfall at different times of year. We also use frost shock indicators from the
Young Lives data.

Additional instruments are distance to school and an index of local services and in-
frastructure. This includes such things as community access to electricity, drinkable wa-
ter, and children’s playgrounds. We assumed this would be be useful in predicting time
devoted to chores and leisure.

Our instruments can be classified into those that vary at the household level; namely,
the agricultural and livestock price indices, school distance and type, rainfall in the
months prior to the interview date, frost shocks, interview month, and whether the
household is agricultural—and those that are at the community level—local wage and
consumer price indices, and the community service/infrastructure index.

We interacted the community level instruments and rainfall with several child
and household chacteristics to let them differentially affect different types of chil-
dren/households. These are child gender, number of older siblings, number of broth-
ers/sisters, time to school, household wealth, urban/rural, the agricultural and livestock
price indices, frost shocks, and month of interview. Including interactions, we have 120
to 130 instruments (see Appendix J for a complete list). The number varies slightly by
country/age, as interviews were spread over fewer months in some cases.

First, we assess whether our instruments are sufficiently strong to make 2SLS feasi-
ble, using first-stage F-statistics for weak instruments. We have four endogenous vari-
ables, so we use the Sanderson and Windmeijer (2016) F-statistic designed to assess in-
dependent variation in each endogenous variable generated by the instruments. Given
the large instrument set, the many instrument problem may be important, so we con-
sider both 2SLS on the full instrument set, and results using LASSO to select a subset of
strongest instruments (see details below).

The results show our instruments are reasonably strong for Ethiopia at ages 8 and
12. Other cases are borderline at best, so we do not consider them further. Presumably,
the reason we succeed for Ethiopia is that almost all child work there is agricultural, and
our instruments are specifically designed to predict work in an agricultural context. Also,
child work is much more common in Ethiopia than the other countries (see Section 4.2),
so we are not trying to predict a rare event.

We report the IV results for age 8 and 12 math scores in Ethiopia in the top panel
of Table 4. The first three columns report results from VA and OLS (with and without
controls) for comparision purposes. The next three columns report 2SLS using the full
instrument set, followed by 2SLS and optimal (2-step) GMM using the subset of instru-
ments chosen by LASSO. The last three columns also report IV results, except here we
both control for the lagged test score and instrument for time use, thus combining the
IV and VA approaches.
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For Ethiopia at age 8, if we implement 2SLS using the full set of 122 instruments, the
coefficients on market/farm work and chores are −0.083 and −0.088, respectively. This
implies an extra hour of work or chores that detracts from school/study time reduces
math scores by roughly 0.085 standard deviations. The standard errors are 0.011 and
0.15, respectively, so the point estimates are precise despite instrumenting. But the SW
first-stage F-statistics for work and chores are 6.86 and 4.61, respectively. These values
may raise some concern that the large instrument set could cause a many/weak instru-
ment problem.31

To address this concern, we reduce the instrument set by using LASSO regression to
select the best instruments. We use the Bayes information criterion (BIC) to assess the fit
of alternative first-stage models, adjusting for number of parameters.32 To ensure LASSO
does not choose instruments that merely give the best fit to each endogenous variable
individually, but rather to maximize their independent variation, we use a multistep
approach: First, use LASSO to chose a subset of instruments that best explain the child
work variable. Second, use LASSO to choose a subset of instruments that best explain
the residual variation in the chores variable (not explained by instruments selected in
step 1). Repeat for leisure and sleep.

Adopting this procedure, we chose a subset of 24 instruments, listed in Appendix J
Table J3.33 While it is hard to completely describe the first stage results, the most promi-
nent patterns are that higher agricultural prices shift time from chores to market/farm
work (especially for boys), distance to school increases market/farm work (but not
chores), rainfall reduces market/farm work (as expected), and higher prices for staples
increase both chores and market/farm work (with the effect on work being greater for
boys and children with older siblings). Using these 24 variables as the excluded instru-
ments in 2SLS, the SW F-statistics for work and chores improve markedly to 12.0 and 9.7,
respectively.34 The point estimates for work and chores become slightly more negative,
and standard errors increase by only 30%, so the estimates remain precise. In contrast to
the IV papers in the prior literature (see above), our instruments give much more precise
estimates of child labor effects.

The next column of Table 4 reports optimal (2-step) GMM-LASSO estimates which
are similar to the 2SLS-LASSO estimates. The last three columns report the same models
except we add the lagged test score as an additional control, thus combining the IV and
VA approaches to dealing with latent child ability. This has little impact on the IV results.

The GMM estimates for Ethiopia at age 8, that control for lagged test score and use
the 20 instruments chosen by LASSO, give coefficients on market/farm work and chores

31Stock–Yogo critical values for weak instrument F-statistics in the case of multiple endogenous variables
and instrument sets larger than 100 are not available. A common rule-of-thumb suggests an F-stat of 10 or
more.

32Of course, we force LASSO to to retain all 2nd stage control variables as instruments in the first stage.
LASSO then choses additional variables from the set of excluded instruments. See Appendix J for details on
LASSO.

33The table lists the instruments that generate independent variation in each endogenous variable.
34With four endogenous variables and 24 instruments, the Stock–Yogo critical value for rejecting the null

that IV bias relative to OLS is greater than 10% is 11.4. The Stock–Yogo critical values for rejecting the null
of IV bias greater than 30%, 20%, 10%, or 5% of the OLS bias are 4.4, 6.2, 11.4, and 21.4, respectively.
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of −0.091 and −0.115, and these are precisely estimated (the standard errors are 0.015
and 0.022, respectively). In one way, these results are consistent with our value added
(VA) results, in that effects of work and chores are not significantly different. Substituting
an extra hour of either for school/study reduces math test scores by roughly a tenth of
standard deviation.

However, the IV estimates are roughly twice as large as the VA estimates. There are
(at least) two plausible explanations: The first is measurement error in the time use vari-
ables, which would bias estimated effects of work/chores toward zero. But we are skep-
tical of this story, because if we use child reports of time use to instrument for parent
reports it has little impact on our VA results.35 A second possibility is that there is hetero-
geneity in the effects of child work, and that the children at the margin—who are shifted
in and out of work/chores by the variation in the instruments—are relatively more ad-
versely affected.

Note that while the IV estimates exceed VA, they are smaller than what we obtain in
a simple OLS regression of test scores on the time use vector (with no controls). Thus,
we find it is relatively lower skill children who are selected into work (biasing OLS down-
ward).

The bottom panel of Table 4 reports IV results for math scores at age 12 in Ethiopia.
Our instruments are stronger here, as the SW F-statistics for those selected by LASSO
exceed 16 for both chores and for work. The most prominent patterns in the first stage
for age 12 are that higher livestock prices shift time from chores to market/farm work
(especially for boys), better local services reduce chores, and increase market/farm work
for boys, higher staples’ prices reduce chores in urban areas, and higher local wages
reduce chores (more so for boys and in urban areas) while increasing market/farm work
for boys and in urban areas.

Using these instruments, the GMM estimates that control for the lagged test score
give coefficients on market/farm work and chores of −0.076 and −0.074, respectively.
These estimates are very similar to the value added (VA) results (see column 3 of Table 4),
both in magnitude and in the sense that effects of work and chores are not significantly
different. The estimated effects at age 12 are slightly smaller than what we found at age
8. They imply that substituting an extra hour of either work or chores for school/study
reduces math test scores by roughly 0.075 standard deviations.

Next, we consider the results for verbal scores. As instrumenting leads to a loss in
precision, we decided to increase sample size by pooling language groups as discussed
in Appendix J. The top panel of Table 5 reports IV results for verbal scores in Ethiopia
at age 8. The GMM estimates in the last column—that control for lagged test score and
use the 20 instruments chosen by LASSO—give coefficients on market/farm work and
chores of −0.243 and −0.178 at age 8, with standard errors of 0.032 and 0.061, respec-
tively. We cannot reject that these effects are equal, so it appears that substituting an
extra hour of either work or chores for school/study reduces math test scores by roughly
two-tenths of a standard deviation. This is twice as large as the effect we found for math
scores. Again, we find that at age 8 the IV estimates are roughly twice as large as the VA

35Child reports of their own time use are available at ages 12 and 15 only.
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estimates. The age 12 results are fairly similar, but effect sizes are smaller, less precisely
estimated, and less stable across specifications.

Finally, Tables 4 and 5 also report the coefficients on leisure. Our VA results imply
that child work only has a negative impact if it substitutes for school/study (not leisure).
Our IV results for verbal scores are consistent with this hypothesis. But our IV results for
math imply that child work has adverse effects relative to leisure in Ethiopia at both ages
8 and 12.

Overall, the IV results are similar to VA in that work and chores have similar negative
effects relative to school/study. But they differ from VA in that they imply larger negative
effects of both work and chores, both relative to school/study and, for math, relative to
leisure. This may suggest that work/chores are particularly detrimental for “marginal”
children pushed in and out of child labor by the variation of the instruments. Never-
theless, the IV estimates of adverse child labor effects remain smaller than OLS with no
controls, implying negative selection into work based on ability.

9. Heterogeneity in effects of child work

A weakness of the existing literature on child work is that it looks at specific contexts,
driven by limited data availability. But the nature of child work differs across contexts,
and it may have very different effects at different ages (Attanasio, Meghir, Nix, and Sal-
vati (2017), Del Boca, Monfardini, and Nicoletti (2017)). Young Lives surveys children
from four LMIC countries with diverse economic contexts, at ages from childhood to
late adolescence. This gives us an opportunity to study how effects of child work vary by
context. We consider five dimensions: country, age, level of hours, skill, and gender. As
we will see, we find evidence of heterogenous effects in all five dimensions.

In Section 6, we ran separate regressions by age/country to avoid the risk of bias due
to pooling inappropriately. In this section, we pool the data across either the country or
age dimension (or both) to gain efficiency, enabling us to draw more reliable inferences
about heterogeneous effects. Pooling also lets us study age/country specific effects in
a way that is less susceptible to Type I error, as the number of estimated parameters is
reduced.

9.1 Pooled VA results

We start by checking if our main results are robust to pooling. Recall that only our math
measure is comparable across age-groups and countries, while verbal scores are only
comparable across age but not language. Thus, our analysis in this section is mostly re-
stricted to math skills. Table 6 column 1 presents estimates of Eq. (9) obtained by pooling
across both age and country dimensions. This model includes age and country fixed ef-
fects, but all slope coefficients are assumed homogeneous. Study time is the omitted
time-use category.

The pooled results are very similar to the disaggregated results from Section 6. The
coefficients on chores and market/farm work are both −0.058, with standard errors of
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Table 6. Pooled models for math scores (study omitted): geographic variation.

Pooled Ethiopia India Peru Vietnam
(1) (2) (3) (4) (5)

School (hrs/day)
−0.018 −0.064 −0.015 −0.004 −0.003
(0.007) (0.014) (0.009) (0.009) (0.011)

Chores (hrs/day)
−0.058 −0.084 −0.055 −0.028 −0.057
(0.006) (0.008) (0.011) (0.008) (0.011)

Market/farm work (hrs/day)
−0.058 −0.088 −0.059 −0.034 −0.043
(0.006) (0.009) (0.009) (0.008) (0.009)

Leisure (hrs/day)
−0.055 −0.085 −0.054 −0.034 −0.048
(0.005) (0.009) (0.010) (0.006) (0.008)

Adjusted R2 0.703 0.627 0.621 0.702 0.619
Sample size 20,330 4814 5380 4902 5234

F-test for equality of chores and leisure coefficients:
F-statistic 0.61 0.03 0.00 2.07 0.91
p-value 0.44 0.86 0.96 0.16 0.35

F-test for equality of market/farm work and leisure coefficients:
F-statistic 0.78 0.14 0.59 0.00 0.56
p-value 0.38 0.71 0.45 0.97 0.46

Note: Study time is the omitted time-use category. The pooled regression includes country and age fixed effects. The
country-specific regressions include age fixed effects. Standard errors are in parentheses.

0.006. Thus, our estimates imply an extra hour of either market/farm work or chores that
crowds out study time reduces math scores by 0.06 standard deviations.36

Furthermore, the coefficient on leisure time is nearly identical to those on chores
and market/farm work. Thus, our pooled results strongly support our conclusion in Sec-
tion 6 that market/farm work and chores are equally detrimental for child development
if they substitute for study time, while neither is detrimental if it only substitutes for
leisure.37

The coefficient on school time in the pooled model is small (−0.018) but significant
(standard error 0.007). This supports our result in Figures 2 and 3 that school is slightly
less productive for child development than study.

Reassuringly then, our pooled results for math are very similar to our disaggregate
results. It appears that any misspecification due to pooling is not serious enough to al-
ter our main findings.38 Appendix K reports estimates of the household resource vari-
ables in the pooled model. As expected, household wealth and parents’ education have
a strong positive effect on test scores, as does the height-for-age z-score, which proxies
for nutrition inputs. Having more siblings reduces test scores, as it means less resources
for the target child.

36The point estimates in the pooled model are very similar to the median (across ages and countries)
of the point estimates from the disaggregated models in Figure 2, Panel C, which are −0.055 for work and
−0.048 for chores.

37Our results also imply that study time is more productive for child cognitive ability than leisure.
38Pooled fixed effects results (available on request) are also very similar.
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9.2 Differences by country

A key aim of the Young Lives study was to investigate child development in different
LMIC settings. This was the rationale behind selecting four countries from four major
regions of the developing world, with diverse socioeconomic characteristics. Child work
in such different contexts is likely to mean different things. This motivates an investiga-
tion of how the effects of child work differ between the study countries.

Our quantitative data do not contain detailed information on the nature of work,
but qualitative data that was also collected as part of Young Lives reveals differences
across countries/contexts.39 For example, in Ethiopia, India, and Vietnam most child
work outside the household is linked to agricultural tasks, while in Peru it is informal
trade (Morrow and Boyden (2018)). Recall that the Peru sample is much more urban.

Table 6, columns 2–5, reports results by country. Consistent with our general strat-
egy in this section, we pool across ages to increase efficiency and reduce the number
of country-specific parameters that we estimate down to a manageable number. Given
that we pool across ages, we do include age fixed effects.

Our results imply that child work is most detrimental (relative to study) in Ethiopia.
It is least detrimental in Peru, where the coefficients on both market/farm work and
chores are only about 1/3 as large. India and Vietnam lie in between.40 Ethiopia is the
poorest country in the sample, and the children work quite a bit more than in the other
three countries, especially at ages 8 and 12 (see Tables 2 and 3). Households are more
reliant on child work in Ethiopia than in the other countries, which may translate into
children having to do more physically demanding tasks. Child work may also be more
detrimental at the margin simply because the typical child works much higher hours in
Ethiopia.

However, as we saw in Table 2, children in Peru tend to work more than in Vietnam or
India, especially at ages 8 and 12. So there is no simple relationship whereby the negative
impact of child work is greater at higher levels of hours. The relatively benign impact of
work in Peru is more likely explained by the different nature of work.

In all four countries, we cannot reject the hypothesis that effects of market/farm
work, chores, and leisure (relative to study) are all equal. Thus, our country level results
support our main finding that work activities are only detrimental for child development
if they detract from school/study time (not just leisure time).

We also find that school time in Ethiopia is less productive than study. But there is
no evidence that school is less productive than study in other countries.41

39Young Lives conducted in-depth qualitative research on a sub-sample of 200 children, selected
to reflect main ethnic/caste groups, rural and urban sites, and poor and less-poor communities (see
www.younglives.org.uk).

40Formally testing for differences across countries, we find effects in Ethiopia are significantly larger
than in the other three countries, but the differences between India, Peru, and Vietnam are not statistically
significant.

41Singh (2015, 2020) presents evidence that Ethiopia and India have lower school productivity than Viet-
nam and Peru. But we only find evidence of this for Ethiopia and not India.

http://www.younglives.org.uk
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Table 7. Pooled models for math scores (study omitted): child characteristics.

Age 8 Age 12 Age 15 Age 19 Female Male
(1) (2) (3) (4) (5) (6)

School (hrs/day)
−0.021 −0.014 −0.018 −0.024 0.014 −0.004
(0.010) (0.009) (0.010) (0.009) (0.010) (0.010)

Chores (hrs/day)
−0.051 −0.063 −0.056 −0.043 −0.049 −0.040
(0.011) (0.009) (0.008) (0.007) (0.008) (0.009)

Market/farm work (hrs/day)
−0.073 −0.075 −0.050 −0.042 −0.039 −0.071
(0.012) (0.010) (0.008) (0.007) (0.008) (0.008)

Leisure (hrs/day)
−0.062 −0.054 −0.055 −0.040 −0.048 −0.057
(0.010) (0.007) (0.008) (0.007) (0.007) (0.007)

Adjusted R2 0.620 0.646 0.668 0.657 0.661 0.657
Sample size 6459 7324 3426 3121 9833 10,497

F-test for equality of chores and leisure coefficients:
F-statistic 3.02 1.82 0.03 0.19 0.05 8.08
p-value 0.09 0.18 0.87 0.67 0.82 0.01

F-test for equality of market/farm work and leisure coefficients:
F-statistic 1.72 8.23 0.60 0.16 3.02 10.00
p-value 0.19 0.01 0.44 0.69 0.09 0.00

Note: Study time is the omitted time-use category. The age-specific regressions include country fixed effects. The gender-
specific regressions include country and age fixed effects. Standard errors are in parentheses.

9.3 Differences by child age

Table 7 columns 1–4 presents results by age. Here, we pool across the four countries,
and include country fixed effects. Looking at the age pattern of the coefficients, there
is no clear pattern of the effect of chores differing by age. However, the point estimates
imply that market/farm work has more detrimental effects on child development at ages
8 and 12 than at ages 15 and 18. The estimated effects of market/farm work (relative to
study) are about 50% greater at the younger ages, and the differences are statistically
significant.

There are two distinct explanations for why child work may have a more negative
effect on child development at younger ages. First, as Cunha and Heckman (2008) argue,
investments in child cognitive development may be more productive at younger ages.
Then work that crowds out school/study time by any given number of hours will have a
larger negative impact if it occurs at younger ages.

Second, a given amount of work time may be more tiring for younger children. In
fact, reports in the qualitative data suggest that some of the work that children are typ-
ically expected to do can be especially physically demanding and tiring for young chil-
dren. As an example, in Ethiopia and India young children’s responsibilities can include
operation of irrigation pumps on the family farm.42 This has to be done at night when
electricity supply is reliable and requires speed and strength to control and direct fast-
moving water. Children report being tired at school as a result (Morrow, Tafere, and Ven-
nam (2014)). The qualitative data also reveal substantial age differences in the type of
work that children do.

42Recall that we categorize work on the family farm as part of “market/farm work” rather than chores.
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Figure 6. Nonlinear effects of time on chores and market/farm work at age 12. Note: The figure
shows marginal effects of an additional hour of chores or market/farm work on math scores at
different levels of hours. We present the results for age 12 only, as we did not find evidence of
nonlinearity at later ages.

9.4 Differences by level of hours

It seems intuitive that the detrimental effect of child work may increase nonlinearly
with hours. The qualitative data provide evidence that, beyond a certain threshold, work
starts to impinge on the children’s ability to be productive while studying and going to
school. In particular, children often report being too tired to learn and pay attention
at school because of long work hours, and gradually falling behind in their studies as
a result (Zharkevich, Roest, and Thi Thanh Huong (2016)). In this section, we test for
nonlinearities in the effects of child work.

Specifically, we estimate models that include quadratics in time spent on chores and
market/farm work. At age 8, our estimates are very imprecise, as few children work high
levels of hours, making nonlinearities very difficult to identify. At ages 15 and 19, we do
obtain precise estimates, but we find no clear evidence that the detrimental effect of
work increases more than linearly with the level of hours.

However, we do find evidence of nonlinearity at age 12, consistent with the evidence
above that child work is more detrimental for younger children. Figure 6 reports age 12
results for math scores, plotting the marginal effects of hours of work against the level
of hours. We see that negative effects of chores and market/farm work both increase
with the level of hours spent in these activities. For example, at zero hours of chores, the
marginal effect of the first hour of chores (substituting for study) is only −0.025. But at 3
hours the marginal effect of an additional hour is three times as large.43

In Appendix L, we adopt a different approach to testing for nonlinearities. We
pool the data across countries and ages as in Table 6 column (1), and also combine

43Estimation of nonlinearities in the effect of work at a point in time does not require tests scores that
are consistent across ages/countries, so we also obtained results for verbal scores at age 12 (not reported).
The point estimates turn more negative as hours increase, but the changes are not significant. Thus, we
find no clear evidence that the adverse effects of either work or chores increase with the level of hours. It
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school/study into a single category, in order to gain efficiency. We then consider models
that add quadratics in school/study time, hours of work or chores, or all three. We find
these quadratic terms are not significant, and the estimated effects of school and work
time are little affected by their inclusion. So our main results are not sensitive to allowing
for nonlinearities in hours.

9.5 Differences by skill level

Here, we examine whether effects of time use differ by skill level. To this end, we combine
school/study into one category, and interact time use with the lagged math ability test
score. Results are reported in Appendix M. Column (1), which combines school/study
without including interactions, confirms our result that school/study is beneficial rela-
tive to all alternative times uses, while work, chores, and leisure are equivalent. Column
(2) interacts school/study time with the lagged math ability test. Interestingly, the inter-
action is significant and negative. This implies additional school time would be more
beneficial for relatively low ability children. In column (3), we interact all time use vari-
ables with the lagged math score. The results imply that child work is less detrimental
(relative to school) for higher ability children. These results are consistent with a model
where school and ability are substitutes in the production of cognitive ability, while abil-
ity complements learning from work and chores.

9.6 Differences by gender

In Table 7, columns 5 and 6, we present separate results by gender. Here, we pool across
ages and countries, and include age and country fixed effects. The results clearly show
that market/farm work is relatively more detrimental for boys. The effect size is 80%
larger for boys than girls (−0.071 vs. −0.039) and the difference is highly statistically sig-
nificant.44 We also find that, for boys, time spent on market/farm work has a significantly
more negative effect than time spent in leisure.

The finding that market/farm work is more detrimental for boys is notable, as boys
are more likely to engage in market/farm work outside the home than girls. In our data,
boys spend 1.47 hours per day (on average) on market/farm work compared to 0.84 for
girls. But girls spend 2.20 hours per day on chores, compared to only 1.28 hours for boys.

Consistent with the time-use data, the qualitative data suggest that in most study ar-
eas girls have more limited opportunities to engage in market/farm work than boys, due
to concerns about their security, and a desire to prepare them for their adult roles (i.e.,
domestic chores). These restrictions mean boys tend to undertake the more physically
demanding and risky market/farm work across the four countries. For example, Morrow
and Vennam (2012) note that, in paddy operation in India, more physically demanding
tasks like ploughing, sowing, weeding, watering/irrigating, and thrashing are more likely

is possible work activities stimulate language ability (Patrinos and Psacharopoulos (1997)), mitigating its
negative effects. But we leave further investigation of the mechanism behind this result for future research.

44If we look only at children aged 8 to 12, we find the negative effects of market/farm work increase to
−0.093 for boys (s.e. = 0.010) and to −0.058 for girls (s.e. = 0.011). Results available on request.
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to be done by boys. Hence, an extra hour of market/farm work is likely to be more tiring
for boys than girls.

However, a key implication of our results is that, as girls spend almost twice as much
time on chores as boys, an exclusive focus on market/farm work, based on the incorrect
“status quo” result that chores are not detrimental for development, is de facto discrim-
inatory against girls. Indeed, the point estimates in Table 7 imply chores are more detri-
mental for girls than market/farm work, and that chores are more detrimental for girls
than boys. Thus, an exclusive focus on reducing market/farm work ignores the potential
benefit of policies to shift girls’ time from chores to school/study.

10. Conclusion

Prior work on the effect of child labor on child development has been hampered by se-
rious data limitations, leading to ambiguous conclusions. Our analysis based on Young
Lives, a new multicountry longitudinal cohort study, overcomes many of these prob-
lems. For the first time in this context, Young Lives collects skill measures regardless
of whether children are in school, avoiding an important selection bias in prior stud-
ies. It provides state-of-the-art cognitive test scores that are longitudinally consistent,
allowing use of panel data methods to control for latent ability. And it collects data on
children’s complete time budget, allowing us to estimate effects of child work relative to
specific alternative time uses.

Using Young Lives, we have estimated child cognitive ability productions using both
value added and fixed effects methods. Across four countries (India, Vietnam, Peru, and
Ethiopia) and a wide age range (8, 12, 15, and 19), we find that time spent on domes-
tic chores or market/farm work are both detrimental for cognitive development if they
crowd out school and/or study time. But there is little evidence that time spent on work
or chores is detrimental for cognitive development if it only crowds out leisure.

Our approach yields different findings from the typical approach in prior work of es-
timating effects of child work without controls for time in other activities. Had we done
that, we would have found, as in several prior studies, that time spent on market/farm
work is harmful for child development, while time spent on chores is not. This would
be consistent with the current policy focus on reducing children’s time in market/farm
work per se. Instead, we conclude that, to encourage child development, policy should
focus on reducing both chore and work time, and to shifting that time to school and
study.

A weakness of the existing literature on child labor is that effects are studied for spe-
cific contexts, driven by limited data availability. The Young Lives data let us study how
effects of child work differ across contexts defined by country, age, level of hours, ability,
and gender. Our results imply child work is most detrimental in Ethiopia and least detri-
mental in Peru. This may be due to the different nature of work, with children in Ethiopia
mostly engaged in farm work, while those in Peru are mostly engaged in informal trade.

We also find that market/farm work is more detrimental for younger children (ages
8 and 12) than older children (ages 15 and 18). In contrast, there is no pattern in the
effect of chores by age. So, a policy focus on reducing work for young children may be
appropriate.
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We also find that work is relatively less detrimental for higher ability children. This

implies a complementarity whereby higher ability children are able to learn from work.

And we find that time spent on market/farm work (rather than school/study) is rela-

tively more detrimental for boys, while the reverse is true for girls. Thus, an exclusive fo-

cus on reducing market/farm work (based on the misconception that chores are benign)

ignores the potential benefit of policies to shift girls’ time from chores to school/study.

We also obtain instrumental variable results using agricultural prices, wages, and

weather to instrument for child time-use. This is very challenging as we need to instru-

ment for four endogenous time use variables.45 We succeed for Ethiopia at ages 8 and

12, where our instruments are strong because child labor is very prevalent and mostly

agricultural.

The IV results are consistent with value added and fixed effects in that we find mar-

ket/farm work and chores have similar negative effects relative to school/study. But the

IV results differ in that they imply larger negative effects of work and chores, both rela-

tive to school/study and, for math, relative to leisure. This may be because work/chores

are particularly detrimental for “marginal” children pushed in and out of child labor by

the variation of the instruments. Nevertheless, the IV estimates of adverse child labor

effects remain smaller than what we obtain by running OLS on the time-use vector with

no controls, implying negative selection into work based on ability.

In sum, the answer to the question “Does child work harm cognitive development?”

is that it depends on whether work crowds out school/study. Our results imply policies

aimed at reducing child labor will do little to enhance human capital formation unless

they promote school attendance. One possible way to achieve both objectives is condi-

tional cash transfers; see Skoufias and Parker (2001), Fiszbein and Schady (2009), Todd

and Wolpin (2006).46

Our results on the importance of school/study time complement a growing literature

that uses time use data and panel data methods to assess the impact of children’s time

use on child development in developed country contexts (see Cano, Perales, and Baxter

(2019), Del Boca, Monfardini, and Nicoletti (2017), Del Bono, Francesconi, Kelly, and

Sacker (2016), Fiorini and Keane (2014), Funk and Kemper (2016), Hsin and Felfe (2014),

Hull (2017)).47 This literature generally finds that education-intensive uses of child time

are most productive for the development of cognitive skills. Our findings extend this

result to a range of low to middle income country contexts.

45We are aware of only three prior studies that attempt to infer the effect of child work on cognitive test
scores using IV; namely, Gunnarsson, Orazem, and Sánchez (2006), Bezerra, Kassouf, and Arends-Kuenning
(2009), and Dumas (2012). But these studies do not attempt to instrument for the complete vector of child
time use, and they all suffer from weak instruments.

46According to Todd and Wolpin’s model, the Progresa program in Mexico, which provided families with
cash transfers conditional on children staying in school, was effective at shifting children from work to
school. In contrast, their model implies that a child labor ban would reduce work but have almost no effect
on schooling.

47For structural work using time diary data, see Del Boca, Flinn, and Wiswall (2014) and Verriest (2020).
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