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Abstract
We use cognitive test scores to investigate the impact of in-utero drought exposure on
the human capital of children, exploiting ﬂuctuations in monsoon rainfall over time and
across districts in rural India. Our data is unique in that we have four distinct measures
each for literacy and numeracy for close to 3 million children, who are either currently
enrolled, have dropped out or never enrolled in school. We ﬁnd that children exposed
to drought in-utero score signiﬁcantly worse on math and reading tests. Experiencing
a drought in-utero is associated with being 2.6 percentage points less likely to recognize
numbers from 1-10 and 1.2 percentage points less likely to do a simple subtraction
problem (from a baseline percent of 53.9% and 61.6%, respectively). We ﬁnd that the
negative impacts on math are largest for in utero shocks, diminished for shocks before
age two, and stop being negative at age two. While the magnitude of the eﬀects on
reading tend to be smaller, they are still negative and statistically signiﬁcant. We then
explore some potential mechanisms and provide evidence that these children are less
likely to be on track in school and less likely to ever enrol.
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Introduction

Recently there has been an upsurge of literature in economics suggesting that the in-utero
period could be one of the most critical periods in a person’s life, shaping future abilities
and health outcomes as well as later life economic outcomes such as earnings (Almond and
Currie, 2011; Cunha and Heckman, 2008). Most of these studies are related to the fetal
origins hypothesis (Barker, 1994) which states that economic and environmental conditions
during pregnancy may have long-term impacts on health and socioeconomic status (see e.g.,
Almond (2006); Black et al. (2007); Dêschenes et al. (2009); Royer (2009)). This is because
the intrauterine environment and nutrition in particular can impact the fetus’ metabolism,
which can lead to future diseases like obesity, diabetes and/or cardiovascular problems (see
Almond and Currie (2011) for a more in-depth discussion).
In this paper we look directly at measures of educational achievement, and investigate
the impact of in-utero drought exposure on cognitive ability, exploiting ﬂuctuations in mon
soon rainfall over time and across districts. To date, much of this fetal origins literature has
focused on health outcomes (Currie et al. (2010); Almond and Mazumder (forthcoming);
Hoddinott and Kinsey (2001); Lawlor et al. (2006); Kudamatsu et al. (2010)) and less on
educational outcomes. The research which has focussed on education generally uses educa
tional attainment and enrollment as outcomes of interest (e.g. Fung (2010); Maccini and
Yang (2009); Alderman et al. (2009)). In this paper we are able to focus directly on cognitive
ability as we have various test outcomes for each child in the data.
While there are some recent working papers which look at similar cognitive test outcomes
in children, notably Aguilar and Vicarelli (2011) and Akresh et al. (2010); one advantage
of this paper is that the data are much richer. We observe nearly 3 million children in 20
cohorts in almost every state in India. We have four distinct measures of math achievement
and four distinct measures for reading for each child regardless of whether he is currently
enrolled or not. Since the survey was conducted every year over ﬁve years, we can control
for age, year of survey, and district. In addition, our data allow us to look at more standard
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educational measures such as school enrollment, drop-out behavior, and being on track in
school (age for grade).
We ﬁnd that children exposed to drought in-utero score signiﬁcantly worse on math and
reading tests. For example, experiencing a drought in-utero is associated with being 2.6
percentage points less likely to recognize numbers from 1-10 and 1.2 percentage points less
likely to do a simple subtraction problem (from a baseline percent of 53.9% and 61.6%,
respectively). While the magnitude of the eﬀects on reading tend to be smaller than the
eﬀects on math, they are still negative and signiﬁcant. We explore the timing of these shocks
and ﬁnd that drought exposure in-utero matters the most. The negative impacts persist at
ages one and two, though not as large in magnitude and move to zero by age three. We also
show that these results are robust to concerns related to selection on fertility (i.e women are
not responding to droughts by delaying fertility) and migration.
We then explore some of the potential mechanisms that might explain these results.
While we estimate well-identiﬁed impacts of in-utero drought exposure on achievement and
schooling outcomes, the discussion on mechanisms is more suggestive given we cannot ran
domly assign schooling to these children. There are a few relevant channels to explore in
terms of why in-utero drought exposure could aﬀect cognitive ability outcomes.
First, children exposed to in-utero drought might simply get less schooling. The less
schooling could be a result of biological or social factors. For example, the fetal origins hy
pothesis links in-utero nutrient deﬁciencies to worse health outcomes and decreased cognitive
functioning. Because these drought exposed children will be less healthy on average, this
could impact school attendance. In fact, Maccini and Yang (2009) show that Indonesian
women who experienced higher than normal rainfall in their birth year attend more years of
schooling precisely because they tend to be healthier.1 Less schooling could also stem from
1

Unfortunately we do not have health outcomes in the ASER data so we cannot test whether these
children are less healthy and are attending school less as in Maccini and Yang (2009). However, using
another dataset of young children in India (the NFHS-2) which measures children’s height and weight, we
show that children who were exposed to drought in-utero are signiﬁcantly smaller both in terms of height and
weight. This alludes to worse health outcomes for Indian children exposed to drought in-utero suggesting
they might be less likely to attend school. See Section 5.2.
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social factors. For example, parents may simply respond to lower ability children by pulling
them out of school or not enrolling them at all.
A second channel could be purely biological in that drought exposed children are simply
lower ability, so conditional on the same level of schooling, they will still score lower on
achievement tests because they learn less eﬃciently.
We explore some of these mechanisms by investigating the eﬀect of drought on school
enrollment, dropping out behavior, and being on track in school (given age). We ﬁnd that
children exposed to in-utero drought are less likely to be enrolled in school suggesting these
children get less schooling overall. Interestingly, there are no signiﬁcant diﬀerences by gender.
In addition, we ﬁnd children exposed to drought in-utero are less likely to be on track in school
given their age, again alluding to the less schooling hypothesis. These results also suggest
they might be held back more because they learn less eﬃciently in school. Unfortunately our
data do not allow us to disentangle which part of the in-utero eﬀect is purely “biological”
and which part is parental or teacher response.

2
2.1

Data and Sample
Aser Data

Every year since 2005, the NGO Pratham has facilitated an innovative exercise for India:
that of implementing the Annual Status of Education Report (ASER). We use ASER data
in this paper. The core of the survey is that simple tools are used to assess children’s
ability to read simple text and do basic arithmetic. Within the span of a hundred days,
the survey reaches every rural district in the country: over 570 districts, 15,000 villages,
300,000 households and 700,000 children. ASER is the largest annual data collection eﬀort
with children in India. It is also the only annual source of information regarding learning
levels of children in elementary school. We have data on children for every year since 2005
inclusive of 2009, giving us a sample size of over 3 million rural children. The sampling
strategy used generates a representative picture of each district, and all rural districts are
3

surveyed. Though the data is collected annually, each year is cross-sectional.2
What diﬀerentiates ASER data from other educational datasets is that every child within
a household is tested. This means we have cognitive ability test score outcomes for children
who are currently enrolled in school, who have never enrolled in school, and who have dropped
out of school. Generally test scores only tend to be available for children who are currently
enrolled in school, not for children who have dropped out or never enrolled. In addition,
ASER data is quite unique in terms of the large sample size. Normally when surveys involve
testing, sample sizes are limited due to high costs of testing children. However, aggregating
across the years of ASER data gives us a sample size of over 3 million rural children.
In Table 1 we describe the characteristics of the children in our sample as well as their
test scores. The average age is about nine and a half, and the average grade (standard) is
4.6. The sex ratio is somewhat skewed, with 54.4% boys. This skewed sexratio is expected
given this is Indian data where sex selected abortion and female infanticide are common and
girls have become relatively more scarce over time, especially in rural India (Sen, 1992; Jha
et al., 2006).
The ASER surveyors ask each child four questions each in math, reading (in their native
language), and English reading. The four math questions are whether the child can recognize
numbers 1-9, recognize numbers 10-99, subtract, and divide. The scores are coded as 1 if
the child correctly answers the question, and 0 otherwise. In addition, there are four literacy
questions: whether the child can recognize letters, recognize words, read a paragraph, and
read a story. We use the scores for numeracy and native-language literacy in our analysis,
and those scores are reported in Table 1. In addition, we calculate a “math score” variable,
which is the sum of the scores of the four numeracy questions. For example, if a child
correctly recognizes numbers between 1-9 and 10-99, and correctly answers the subtraction
question, but cannot correctly answer the division question, then that child’s math score
would be coded as 3. The “reading score” variable is calculated in exactly the same way.
2

For more information on ASER, see http://www.asercentre.org/ngo-education-india.php?p=
ASER+survey
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Approximately 65% of the children tested can recognize numbers between 1 and 9, and about
38% can correctly do a division problem. The reading scores are slightly higher: nearly 90%
of children tested can recognize letters and 45% can read a story. The ASER data also
contains scores on English reading, but we assume that most of the variation in these scores
will be caused by whether the child learns English at school, rather than cognitive ability,
so we exclude it from our analysis.

2.2

Rainfall Data

Drought has aﬀected millions of people over the past two centuries in India. The rain that
comes during the monsoon season (June–October) is essential to raising crops, and if rainfall
is below normal levels, many regions experience deleterious living conditions since most of
the rural poor depend on rain-fed agriculture. In fact, almost 70 percent of the total net
area sown in India is rainfed; and 66.2 percent of rural males and 81.6 percent of rural
females report agriculture (as cultivators or laborers) as their principal economic activity
(Mahajan and Gupta, 2011). While there is plenty of evidence showing droughts adversely
aﬀect agricultural output in India, Pathania (2007) does a nice job of empirically showing the
close correlation between rainfall ﬂuctuations and agricultural output at the all India level.
For example, the annual yields of wheat and rice, the two major cereal crops consumed, are
clearly aﬀected adversely by droughts; a second consecutive year of drought leads to a 9.4%
decrease in wheat and 20% in the case of rice (Pathania, 2007). Given the majority of rural
residents are engaged in agricultural activities in India, and that the majority of this land is
rainfed, it is clear that drought adversely aﬀects pre- and post-natal women, children, and
other household members.3
To determine drought years and districts, we use monthly rainfall data which is collected
by the University of Delaware.4 The data covers all of India in the period between 1900
3
While there are many potential channels through which this can occur, the point of this paper is not to
identify the channels. However, some potential mechanisms could be income eﬀects, maternal stress, labor
and time use changes, etc.
4
The data is available at:http://climate.geog.udel.edu/~climate/html_pages/download.html#
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2008. The data is gridded by longitude and latitude lines, so to match these to districts, we
simply use the closest point on the grid to the center of the district, and assign that level
of rainfall to the district for each year. To deﬁne a drought, we use the cutoﬀ of the Indian
Meteorological Department, which is monsoon rainfall that is 75% of the 10-year average of
rainfall for that district. Figure 1 shows the number of districts in each year with a drought,
from a low of 5.6% of districts in 1998 to a high of 47.4% of districts in 2002. Figure 1
also indicates that there is both a lot of variation over time and across districts in terms of
drought exposure.
In Figure 3 and Figure 4 we graph the relationship between each child’s math score and
in-utero drought exposure and each child’s reading score and in-utero drought exposure,
respectively. The ﬁgures allude to the relationship we will ﬁnd in the empirical results:
children who were exposed to drought in-utero are more likely to score lower on the math
and reading tests. Whether this relationship holds once we control for various observable
characteristics is what we test below in Section 3.1

3

Empirical Strategy and Timing of Birth

Unfortunately we do not have the exact date of birth for the children in our sample, only the
current age, so we need to calculate which drought years will aﬀect the in-utero environment.
Since we observe child age and year of survey, we assume that each child has already had
his/her birthday that year, that is, that his/her year of birth is the year of the survey
minus age (e.g. a child who reports being 10 in the 2008 survey is coded as being born in
2008-10=1998). Since the Indian Monsoon (and, thus, droughts) typically takes place in the
summer, and harvests happen the following fall, it is likely that children born in a given
year will be more aﬀected by a drought in the year before their birth than one in the year
they are born. In Figure 2, we show this more explicitly. We assume a child born in 2008,
on average, is born June 30. This child will be in-utero roughly from October 2007 to June
P2009
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2008. Thus, the harvest in 2007 (which is in turn aﬀected by the 2007 rains) is likely to be
the biggest determinant of his nutritional environment in-utero (as opposed to harvest 2006
or 2008). Of course, there will be children in the sample whose age is recorded incorrectly,
and those who are born at the very end or beginning of the year for whom other drought
years might be more relevant. However, unless these errors are systematic, they will simply
add noise to our estimation and attenuate the results.
Our main analysis is very straightforward. We take advantage of the quasi-random nature
of droughts within district (and across districts within a year) in order to measure the eﬀect
of drought on test scores. We estimate the following regression:

Sijt = α + βδj,t−1 + γj + φt +

ijt

(1)

where Sijt is the test score of student i in district j born in year t, δjt is an indicator for
whether there was a drought in district j in year t−1, γj is a vector of district ﬁxed eﬀects, φt
is a vector of year-of-birth ﬁxed eﬀects. This way, any unobservables that vary with district
or year will be absorbed by the ﬁxed eﬀects, and thus the eﬀect we pick up will be that of
being born in-utero during a drought. β is our coeﬃcient of interest and it is the causal
impact of in-utero drought on the various test scores (or cognitive ability). Standard errors
are clustered at the district level. We discuss some potential selection issues in Section 4
below.
One possible issue with using droughts as quasi-random shocks, is that it is possible they
are correlated over time. There are certainly districts in which droughts are more common
in all years, but this should not aﬀect our empirical results, since the district ﬁxed eﬀects
imply we are using within-district variation in timing of droughts to identify causal eﬀects.
However, if it is the case that droughts this year are correlated with droughts next year,
then this undermines the eﬀectiveness of our cohort identiﬁcation as it will be diﬃcult to
separate the eﬀects of droughts in the year before birth with those in early life (or before
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pregnancy). This will also bias our results downward, since many of the “control” children
will have been in these early life stages during droughts, and the eﬀects on them could be
signiﬁcant. We test for serial correlation directly in Appendix Table A1.
Recent papers using Indian rainfall data have not found evidence of serial correlation
in rainfall data (see for example, Kaur (2011); Pathania (2007)). Nevertheless, Table A1
estimates the autocorrelation in rainfall in our data. An observation is a district-year. The
dependent variable in both regressions is the deviation from mean rainfall in the current
year (in inches), where deviation is simply deﬁned as current year rainfall minus the mean
rainfall in sample period. The independent variable is deviation from mean rainfall last year,
constructed in the same way. The speciﬁcation in column 2 contains year ﬁxed eﬀects, while
column 1 does not. These speciﬁcations follow closely the methodology used in Kaur (2011).
In column 1 we ﬁnd no signiﬁcant evidence of serial correlation. In column 2 once we include
year ﬁxed eﬀects, the coeﬃcient becomes negative and statistically signiﬁcant, however, the
magnitude of the eﬀect is close to 0. Therefore, it has very little economic signiﬁcance.

3.1

Main Results: Cognitive Test Scores

Table 2 presents our main estimates of the eﬀect of in-utero droughts on cognitive test scores.
Panel A shows the eﬀect of in-utero drought exposure on the four math questions as well as
the math score variable, which is the simple sum of the four questions. The eﬀect on the
overall math score is negative and signiﬁcant, and represents about 8.9% of one question.
The negative eﬀects are quite a bit higher for the number recognition questions relative to
the subtraction and division questions. Experiencing a drought in-utero is associated with
being 2.6 percentage points less likely to recognize numbers from 1-10 and 1.2 percentage
points less likely to be able to do a simple subtraction problem (from a baseline percent of
53.9% and 61.6%, respectively). The magnitude of the eﬀect for recognizing numbers 1-9 is
smaller, and while the coeﬃcient on division is negative, it is not statistically signiﬁcant.
Panel B of Table 2 shows the eﬀect of in-utero drought exposure on the reading questions.
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The two more diﬃcult questions—reading a paragraph and reading a story—are statistically
signiﬁcant at the .01 level. Children in-utero during a drought are 0.7 percentage points less
likely to be able to read a paragraph and 0.7 percentage points less likely to be able to read
a story (from a baseline percent of 60.8% and 44.6%, respectively). The eﬀect on the overall
reading score is negative (-0.9 points), but not statistically signiﬁcant. While the magnitude
of the eﬀects on reading tend to be smaller than the eﬀects on math, they are still negative.
Panels C and D of Table 2 show the results using household, rather than district, ﬁxed
eﬀects. Overall, the results are remarkably similar. This is a little surprising, given we are
now identifying oﬀ within-household diﬀerences in exposure to in utero drought, and one
might expect the diﬀerences to be larger between rather than within households. However,
the results lend credence to our assumption that droughts are quasi-random, and that there
are no systematic ex-ante diﬀerences between those who are exposed to drought in utero and
those who are not, once we control for cohort and district eﬀects.

3.1.1

Main Results: Gender and Timing Issues

The main results are strikingly similar when broken down by gender. Panels A and B of
Table 3 show reading and math scores for boys, and Panels C and D show the same eﬀects
for girls. The eﬀects on reading are slightly higher for girls, though not signiﬁcantly so.
The impacts on math are higher for boys, and this is a statistically signiﬁcant diﬀerence.
These results are in contrast to Maccini and Yang (2009), who ﬁnd that early-life rainfall in
Indonesia aﬀected only females (not males) later in life. Their eﬀect is strongest for rainfall
in infancy, and they hypothesize that parents with reduced income and resources tend to
take from their daughters rather than their sons. When we closely investigate timing of the
shock (see Table 4) we ﬁnd that the strongest eﬀect of drought on the math score is during
the in-utero period. Therefore, in our case, we ﬁnd a much stronger eﬀect for droughts in
the year before birth.
In Table 4, we regress the test score on experiencing drought one year before the in-utero
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period up to age two. The results indicate that the magnitude of the eﬀects of drought de
crease after the in-utero period and stop mattering at age two.5 Interestingly, the magnitudes
of the in-utero eﬀects are similar to the main results even after we add these additional years
of drought in the regressions. Our results are very similar to Akresh et al. (2010) who also
ﬁnd that negative education impacts are largest for in utero shocks, diminished for shocks
before age two, and have no impact for shocks after age two in rural Burkina Faso. Unlike
Aguilar and Vicarelli (2011) who ﬁnd that negative impacts on child development persist
four to ﬁve years after rainfall shocks in rural Mexico, we do not ﬁnd any evidence that the
negative impacts persist after age two.

3.1.2

Alternative Rainfall Measures

So far we have investigated the impact of drought on test scores since drought is the most
serious weather shock that rural households in rainfed agricultural areas face. However,
it is possible that other measures of rainfall might also be relevant weather shocks. For
example, Maccini and Yang (2009) ﬁnd that higher early-life rainfall leads to improved
health, schooling, and socioeconomic status for women. In Table 5 we measure the eﬀect of
two diﬀerent measures of rainfall on test scores. The dependent variable in both speciﬁcations
is math score, deﬁned previously as the sum of questions answered correctly out of the four
numeracy questions given in the ASER survey. The independent variable in column 1 is
rainfall (in inches). The independent variables in column 2 are quintiles of rainfall (the third
quintile, the middle, is omitted). Both speciﬁcations include district, age, and year of survey
ﬁxed eﬀects and standard errors are reported in parentheses.
Column 1 indicates that a one standard deviation increase in rainfall (788.5 inches)
increases the math score by .078 points. This translates to a 4 percent increase oﬀ of a mean
of 2.19. The quintile analysis is even more interesting in that the results are monotonic.
5
In alternate speciﬁcations, we investigate the impact of later years of drought on test scores, but none of
the eﬀects are ever negative. In fact, current-year droughts seem to increase test scores in our data, which
could be explained by lower wages making school enrollment and attendance more attractive in drought
years (results available upon request).
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The bottom two quintiles of rainfall are negatively associated with math test scores (relative
to the middle quintile), and the top two quintiles are positively associated with test scores
(relative to the middle). These results are signiﬁcant at the .01 level. This is exactly what
we would expect in a region where economic livelihood depends on the “right” amount of
rainfall.

4
4.1

Potential Selection Bias Issues
Migration

One weakness with our data is that we do not have information on location of birth. There
fore we assume that the current district is the same as the birth district when we assign each
child the district level drought measure which corresponds to his/her year of birth. Because
these children are relatively young, ages 3-15 with a mean age of 9, we do not think this is
a strong assumption. Nevertheless, we explore this issue below. If it is the case that higher
ability families are more likely to migrate out of rural areas (say to urban areas), this will
aﬀect our empirical results. However in this case, our results will be lower bounds.
Various pieces of evidence point to statistics that out-migration rates are low for rural
Indian families. For example, Topalova (2005) using data from the National Sample Surveys
ﬁnds that only 3.6 percent of the rural population in 1999-2000 reported changing districts
in the previous 10 years. Munshi and Rosenzweig (2009) using the Rural Economic Develop
ment Survey also conclude that rural emigration rates are low and actually declined between
1982 and 1999 in India. Pathania (2007) using Indian Census data also ﬁnds that only a
small fraction of rural women reside in districts diﬀerent from their district of birth. Using
data from the 2001 census on internal migration, he shows that 82.65 percent of rural women
aged 15-59 are residing in the district of birth and 96 percent of this demographic group is
residing in the state of birth. He writes that marriage and the subsequent move to the house
of the husband’s family is the major reason for female migration, and most marriages are
local. Given women have children after marriage, it is unlikely that many of our rural sample
11

of women is moving after they have had children. While temporary migration of rural men
in search of employment is more common, this will not aﬀect our results.
To think that migration might bias our coeﬃcient upward, one would have to imagine not
only that lower ability kids move into drought-prone districts (which could be true), and that
this eﬀect is also large enough to aﬀect the coeﬃcient (unlikely, given the limited movement),
but that the lower ability kids who are moving in are particularly likely to be certain ages,
namely those which correspond to being born in a drought year. This seems extremely
unlikely, especially since consistent district eﬀects are diﬀerenced out in the analysis.

4.2

Selective Mortality and/or Fertility

One potential concern with trying to understand the eﬀect of drought on cognitive devel
opment is that we only observe children who survive and make it into the sample; drought
might impact child survival so we only observe children who have survived droughts chang
ing the composition of children. This selection would most likely bias our results downward;
since these are the children who survived, they are positively selected and probably do better
on health and educational outcomes relative to the children who died oﬀ. Therefore, we are
less concerned about bias from selective mortality.
However, another potential concern with our results could be if women are delaying
and/or changing fertility patterns in response to droughts. For example, mothers may choose
to wait out a drought year before having a child. Rural fathers could migrate during drought
years in search of work and their absence would result in delayed fertility. If droughts are
in fact impacting fertility decisions, the empirical results will most likely be biased upward,
since the children being born in drought years would be negatively selected.
Since our dataset includes only children aged 3-16, both of these selection eﬀects would
show up as fewer children observed who were in-utero during a drought year (assuming that
most of the selective mortality happens before age 3). In Table A2 in the Appendix we
test whether this is the case. In column 1 of Table A2 we regress each child’s year of birth
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on drought in-utero (t − 1) and drought the year before (t − 2). All speciﬁcations include
district ﬁxed eﬀects and are clustered at the district level. We ﬁnd that neither of the years
of drought is a statistically signiﬁcant predictor of birth year. The coeﬃcient on (t − 2)
is probably most relevant for selective fertility, as this is when fertility decisions are being
made. In column 2 we go back even further to 4 years before birth, and again ﬁnd that
drought has no signiﬁcant impact on the timing of birth regardless of the year prior to birth.
Therefore, it appears that bias resulting from fewer children (and thus, a diﬀerently selected
sample) during drought years is not a problem for our analysis.6
Another piece of evidence which points against selective fertility and selective migration
are the household ﬁxed eﬀects results in Panels C and D of Table 2. If either selective migra
tion or selective fertility is driving the results, then within-household variation in drought
exposure should not aﬀect cognitive test scores. This story relies on between household
variation–i.e. that “good” households are acting diﬀerently with respect to droughts com
pared to “bad” households. That is, if “good households” are leaving the area after droughts,
or delaying their fertility when there are droughts, then our sample of exposed children would
be more heavily weighted toward “bad households”, which could bias our results upward.
However, the results with and without household ﬁxed eﬀects are extremely similar (if any
thing reading scores coeﬃcients are a bit higher), which leads us to conclude that selection
of this type is not contributing signiﬁcantly to our estimates.

5

Mechanisms

5.1

Schooling Outcomes

It is reasonable to hypothesize that exposure to in-utero drought could aﬀect schooling
outcomes. There are two main channels through which this could occur. First, children
6

Of course, this is not to say that there is not selective fertility or mortality going on—indeed, we see
evidence of the skewed sex ratios that are indicative of sex-selective abortion and preferential treatment of
male infants–it is just to say that this selection is not correlated with the timing of droughts, so that it will
not aﬀect our empirical results.
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exposed to drought in-utero could be less healthy, which directly aﬀects their ability to
attend school. Second, droughts could directly aﬀect cognitive ability, and parents could
react by altering the amount of schooling given to these lower-ability children. If ability and
schooling are substitutes—this would be reasonable in a setting in which, say, there are high
returns to basic literacy and numeracy and little else—then parents might be more likely to
enrol their lower-ability children, and less likely to pull them out of school at a young age.
By contrast, if ability and schooling are complements—if high ability children get more out
of each year, or have a higher probability of leaving the village for high-paying work—then
parents would, on average, provide less schooling for their lower-ability children.7
Of course, we will not be able to directly test for the diﬀerence between these two possi
bilities. However, if the eﬀect of in-utero drought on schooling is positive, we could speculate
that the second eﬀect dominates, and that schooling and ability are substitutes, but if the
eﬀect is negative we cannot distinguish between the “sickly child” mechanism and the abilityschooling complementarity mechanism, since we do not have random assignment of schooling.
We can, however, test for the reduced-form eﬀect of droughts on schooling, and in the fol
lowing section we will provide some suggestive evidence on the mechanisms outlined above.
We do ﬁnd that the eﬀect is negative suggesting that ability and schooling are complements.
Our empirical speciﬁcation in this section is very similar to that outlined in the pre
vious section, but instead of test scores, our left-hand-side variable is schooling outcomes.
Speciﬁcally, we estimate the following regression:

Yijt = α + βδj,t−1 + γj + φt +

ijt

(2)

which is the same as equation (1) above, but now the outcome variable is Yijt which is a
schooling outcome binary variable: whether the child is reported as having dropped out,
7

For empirical evidence of parents reinforcing initial cognitive ability diﬀerences across children by in
vesting in higher ability children, see Ayalew (2005); Akresh et al. (2010); Frijters et al. (2010). In fact, the
majority of recent empirical evidence suggests that parents reinforce initial cognitive diﬀerences and invest
more in high ability children.
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never enrolled, or is “on track”. The last variable, “on track” is created to capture whether
the student is progressing normally through the grades, and is coded as one if the child’s
grade is no less than his age minus six—that is, if a child is eight, he must be at least in
the second grade, nine, at least in third grade, etc.—and zero otherwise. This is a way of
capturing how children are doing in school.
Table 6 shows the eﬀect of drought in-utero on schooling achievement. The ﬁrst row
shows the eﬀects of in-utero drought on dropping out, which is positive but not statistically
signiﬁcant. The second row shows the eﬀect of in-utero drought on never being enrolled
in school, which is positive and signiﬁcant—children born the year after a drought are 2
percentage points more likely to never enrol in school. This is quite a large eﬀect given the
mean of never enrolled is 2.8%. This is some evidence toward the hypothesis that schooling
and ability are complements. If a child has some cognitive deﬁciency because of being
malnourished in-utero, his parents are less likely to send him to school, presumably because
schooling is less valuable for him/the family.
The third row of Table 6 shows the eﬀect of in-utero droughts on being on track in school.
The eﬀect is negative and signiﬁcant—children who are born in the year following a drought
are 2.2 percentage points less likely to be on track, from a baseline of 81.3%. Panels B and
C of Table 6 show the results separately for boys and girls. As with the test score outcomes,
these results look fairly similar for boys and girls. One diﬀerence is that boys look to be
somewhat less likely to be “on track” when exposed to drought in utero than their female
counterparts. Whether this is due to diﬀerences in treatment eﬀects, parental investment
decisions, or simply diﬀerences in likelihood of being on the margin of passing we cannot say.

5.2

Child Health and In-Utero Drought Exposure

Though we cannot investigate the relationship between in-utero drought and health out
comes for the ASER sample children (since they do not ask about health outcomes), we
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turn to another dataset, the National Family Health Survey-2 (NFHS-2)8 to investigate this
relationship. This will allow us to investigate whether children born exposed to in-utero
drought are less healthy and then are more likely to be absent from school. Though there
is already evidence of this from other countries (see for example, Maccini and Yang (2009)),
we would like to say something about Indian children using our rainfall data. We use the
1998-99 NFHS-2 India survey because this is the latest year that district identiﬁers are pub
licly available. We merge the rainfall data used above (which is at the district level) to the
NFHS-2.
The NFHS-2 survey covers a nationally representative sample of more than 90,000 eligible
women age 15-49 from 26 states that comprise more than 99 percent of India’s population.
The survey provides information on fertility, mortality, family planning, and important as
pects of nutrition, health, and health care. The NFHS-2 measured children’s (under 5)
height and weight. Height and weight are a widely used proxy for overall health status and
correlate positively with economic outcomes. For example, Case and Paxson (2008) show
that height is positively correlated with earnings in the developed world. Similar patterns
between height and wages for individuals in Brazil (Strauss and Thomas, 1998) and other de
veloping countries have been shown (Behrman and Deolalikar, 1989). Similarly, underweight
is correlated with future health problems and worse schooling outcomes.
In Table 7 we regress the dependent variables height (Panel A) and weight (Panel B) on
in-utero drought exposure. We include birth year ﬁxed eﬀects, district and state ﬁxed eﬀects;
all speciﬁcations are clustered at the district level. By including birth year ﬁxed eﬀects, in
some sense we are investigating the relationship between height-for-age and weight-for-age
and drought exposure of these young children. In addition, the NFHS-2 asks mothers for
exact birth year, so we do not have to make any assumptions about age at the time of the
survey when we merge the rainfall data.
The results are quite striking: in-utero drought exposure signiﬁcantly decreases current
8

This is also known as the Demographic and Health Survey (DHS) for India.
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height and weight. For example, a child exposed to in-utero drought is 7.3 centimeters shorter
on average than a similar child born during a non-drought year. While a small eﬀect, it is
statistically signiﬁcant at .05 level and is about 6% of a standard deviation. In addition,
children exposed to in-utero drought weigh 1.03 kilograms less on average, which is about
3% of a standard deviation.
In additional speciﬁcations (results available upon request from authors), we also include
if there was a drought during the child’s birth year. While the coeﬃcients on in-utero
drought exposure do not change in magnitude or signiﬁcance levels, the coeﬃcient on drought
during birth year is also negative for both height and weight. However it is much smaller
in magnitude and not statistically signiﬁcant. Therefore, in-utero drought exposure matters
more both economically and statistically than drought exposure during year of birth.
These results allude to the fact that the ASER children who were exposed to in-utero
drought are not only cognitively disadvantaged but most likely have worse health outcomes
as well. Earlier we discussed that the two most likely channels for the lower cognitive abilities
due to drought are biological and health related. First, since these children are more likely
to be exposed to hunger, malnutrition, and possibly famine-like conditions as a result of
drought this may result in decreased cognitive functioning. The second channel through
which in-utero drought exposure could aﬀect cognitive ability is via health. Since it is
well-established that children exposed to drought are less healthy, this could impact school
attendance. Children who attend less school will most likely experience lower cognitive
development. For the ASER children, it appears that both mechanisms are most likely at
play.

6

Conclusion

This paper relates to the literature on the fetal origins hypothesis and the importance of
“critical periods” in human capital acquisition in the economics literature. We show that
children who are exposed to droughts while in utero score signiﬁcantly worse on literacy
17

and numeracy tests than their peers. The magnitude of the eﬀects are strongest during the
in utero period and stop being negative after the age of two. Further, we show evidence
that these children are less likely to be on track in school and less likely to ever enrol.
Interestingly, there are no large gender diﬀerences in the results. We argue that the results
are causal and not due to diﬀerences in the sample of children exposed to these shocks. The
size and scope of our data allows us to be conﬁdent about our conclusions and the precision
of the estimates.
These results provide support for drought relief programs in developing countries, as well
as those which encourage maternal nutrition during pregnancy. The results on schooling
suggest that even if the goal of universal primary schooling is achieved, children in utero
during droughts could remain behind their peers in skill acquisition.
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Table 1: ASER Summary Statistics
Child Characteristics
Mean Std. Dev.
Male
.545
.498
Age
9.53
3.62
Class
4.60
2.85
Math Scores
Mean Std. Dev.
Can Recognize Numbers 1-9
.651
.477
Can Recognize Numbers 10-99 .539
.498
Can Subtract
.616
.486
Can Divide
.384
.487
Math Score
2.19
1.35
Reading Scores
Mean Std. Dev.
Can Read Letters
.897
.304
Can Read Words
.754
.431
Can Read Paragraph
.608
.488
Can Read Story
.446
.497
Schooling Outcomes
Mean Std. Dev.
Never Enrolled
.028
.165
Dropped Out
.036
.187
On Track
.813
.390
Drought Exposure
In-Utero Drought
.177
.382
Drought in Year of Birth
.174
.379

Observations
3,208,990
3,229,037
2,619,202
Observations
2,499,352
2,499,352
2,499,352
2,499,352
2,499,352
Observations
2,729,313
2,729,313
2,729,313
2,729,313
Observations
2,811,160
2,811,160
2,134,088
2,876,063
2,876,063

Notes: This table shows summary statistics for the ASER data set as well as exposure to drought from the
rainfall data, which we use in subsequent analysis.
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Table 2: Eﬀect of In-Utero Drought on Test Scores
Independent Variable: Drought in Utero
Panel A: Math Scores
Coeﬀ Std. Error Observations R-Sq.
Dependent Variable:
Can Recognize 1 to 9
-.007∗∗∗
.002
2,186,446
0.7442
∗∗∗
Can Recognize 10 to 99 -.026
.003
2,186,446
0.5704
∗∗
Can Subtract
-.012
.003
2,186,446
0.3873
Can Divide
-.002
.003
2,186,446
0.2996
∗∗∗
Math Score
-.047
.006
2186446
0.5476
Panel B: Reading Scores
Coeﬀ Std. Error Observations R-Sq.
Dependent Variable:
Can Read Letter
.004∗∗
.002
2,397,027
0.1725
Can Read Word
-.001
.002
2,397,027
0.3230
Can Read Paragraph
-.007∗∗∗
.002
2,397,027
0.3751
∗∗∗
Can Read Story
-.007
.002
2,397,027
0.3347
Reading Score
-.009
.006
2397027
0.4343
Panel C: Math Scores, Household Fixed Eﬀects
Coeﬀ Std. Error Observations R-Sq.
Dependent Variable:
Can Recognize 1 to 9
-.007∗∗∗
.002
2,003,320
0.6974
Can Recognize 10 to 99 -.018∗∗∗
.002
2,003,320
0.5451
∗∗
Can Subtract
-.014
.003
2,003,320
0.4087
Can Divide
-.002
.003
2,003,320
0.3367
∗∗∗
Math Score
-.040
.007
2,003,320
0.5543
Panel D: Reading Scores, Household Fixed Eﬀects
Coeﬀ Std. Error Observations R-Sq.
Dependent Variable:
Can Read Letter
-.002
.002
2,138,351
0.2089
Can Read Word
-.004
.003
2,138,351
0.3589
Can Read Paragraph
-.007∗∗
.003
2,138,351
0.4125
∗∗
Can Read Story
-.007
.003
2,138,351
0.3762
∗∗
Reading Score
-.020
.008
2,138,351
0.4826
Notes: This table estimates the eﬀect of drought in-utero on test scores. All regressions contain ﬁxed eﬀects
for age, year of survey, and are clustered at the district level. Panels A and B contain ﬁxed eﬀects for district,
while Panels C and D contain ﬁxed eﬀects for household. Children are marked as having a drought occur
while in utero if there was a drought during the monsoon season of the year prior to their birth. Standard
errors are reported in parentheses. ***indicates signiﬁcance at 1% level, ** at 5% level, * at 10% level.
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Table 3: Eﬀect of in Utero Drought on Test Scores, by Gender
Independent Variable: Drought in Utero
Panel A: Math Scores, Boys Only
Coeﬀ Std. Error Observations R-Sq.
Dependent Variable:
Can Recognize 1 to 9
-.008∗∗∗
.002
1,176,065
0.7549
∗∗∗
Can Recognize 10 to 99 -.028
.003
1,176,065
0.5821
Can Subtract
-.012∗∗
.003
1,176,065
0.3905
Can Divide
-.0001
.003
1176065
0.3064
Math Score
-.048∗∗∗
.006
1,176,065
0.5546
Panel B: Reading Scores, Boys Only
Coeﬀ Std. Error Observations R-Sq.
Dependent Variable:
Can Read Letter
.005∗∗
.002
1,290,070
0.1730
Can Read Word
-.001
.002
1,290,070
0.3249
Can Read Paragraph
-.007∗∗∗
.002
1,290,070
0.3768
Can Read Story
-.005∗∗
.002
1,290,070
0.3353
Reading Score
-.008
.006
1,290,070
0.4371
Panel C: Math Scores, Girls Only
Coeﬀ Std. Error Observations R-Sq.
Dependent Variable:
Can Recognize 1 to 9
.004∗
.002
983,569
0.7366
Can Recognize 10 to 99
-.001
.003
983,569
0.5610
Can Subtract
-.008∗∗∗
.003
983,569
0.3769
∗∗∗
Can Divide
-.011
.003
983,569
0.2922
∗∗∗
Math Score
-.015
.006
983,569
0.5429
Panel D: Reading Scores, Girls Only
Coeﬀ Std. Error Observations R-Sq.
Dependent Variable:
Can Read Letter
.002
.002
1,079,822
0.1742
Can Read Word
.0001
.002
1,079,822
0.3218
Can Read Paragraph
-.005∗∗∗
.003
1,079,822
0.3739
∗∗∗
Can Read Story
-.012
.003
1,079,822
0.3348
Reading Score
-.015∗∗
.006
1,079,822
0.4317
Notes: This table estimates the eﬀect of drought in-utero on test scores by gender. All regressions contain
age, year of survey, and district ﬁxed eﬀects and are clustered at the district level. Children are marked as
having a drought occur while in utero if there was a drought during the monsoon season of the year prior
to their birth. Panels A and B restrict the sample to only male children, and Panels C and D restrict the
sample to only female children. Standard errors are reported in parentheses. ***indicates signiﬁcance at 1%
level, ** at 5% level, * at 10% level.
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Table 4: Timing of Drought Eﬀects
Independent Variable:
Dependent Variable:
Age at Drought
Math Score Reading Score
.009
-2
-.014∗∗∗
(.006)
(.006)
-.010
-.047∗∗∗
-1 (in-utero)
(.006)
(.006)
∗∗∗
-.001
-.038
0
(.006)
(.005)
-.015∗∗∗
-.016∗∗∗
1
(.005)
(.005)
-.001
.001
2
(.005)
(.005)
Observations

2,186,446

2,397,027

Notes: This table estimates the eﬀect of a drought from two years before to two years after birth. All
regressions contain age, year of survey, and district ﬁxed eﬀects and are clustered at the district level.
Standard errors are reported in parentheses. ***indicates signiﬁcance at 1% level, ** at 5% level, * at 10%
level.

Table 5: Alternative Measures of Rainfall

Rainfall (in)

Math Score
(1)
.0001∗∗∗
(.00001)

Bottom Quintile Rainfall
Second Quintile Rainfall
Fourth Quintile Rainfall
Highest Quintile Rainfall
Observations

2,186,446

Math Score
(2)

-.030∗∗∗
(.006)
-.014∗∗∗
(.005)
.015∗∗∗
(.005)
.029∗∗∗
(.005)
2,186,446

Notes: This table measures the eﬀect of two diﬀerent measures of rainfall on math test scores. The mean
of rainfall is 1,286 inches and the standard deviation is 788.5 inches. Both speciﬁcations include district,
age, and year of survey ﬁxed eﬀects and are clustered at the district level. Standard errors are reported in
parentheses. ***indicates signiﬁcance at 1% level, ** at 5% level, * at 10% level.
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Table 6: Eﬀect of In-Utero Drought on Schooling Attainment, by Gender
Independent Variable: Drought in Utero
Panel A: All Children
Coeﬀ Std. Error Observations
Dependent Variable:
Dropped Out
.0001
.0007
2,451,738
Never Enrolled
.002∗∗∗
.0005
2,451,738
∗∗∗
On Track
-.020
.003
1,988,846
Panel B: Boys Only
Coeﬀ Std. Error Observations
Dependent Variable:
Dropped Out
.001
.001
1,319,974
Never Enrolled
.001
.001
1,319,974
On Track
-.018∗∗∗
.003
1,069,615
Panel C: Girls Only
Coeﬀ Std. Error Observations
Dependent Variable:
Dropped Out
-.0002
.0008
1,104,267
Never Enrolled
.001
.001
1,104,267
∗∗∗
On Track
-.008
.003
898,577

R-Sq.
0.0453
0.0352
0.1354
R-Sq.
0.0426
0.0301
0.1286
R-Sq.
0.0499
0.0418
0.1445

Notes: This table estimates the eﬀect of drought in-utero on schooling outcomes. Panel A includes all
children, while Panels B and C restrict of boys and girls, respectively. All regressions contain age, year
of survey, and district ﬁxed eﬀects and are clustered at the district level. Standard errors are reported in
parentheses. ***indicates signiﬁcance at 1% level, ** at 5% level, * at 10% level.

Table 7: Eﬀect of In-Utero Drought on Child Health Outcomes
Independent Variable: Drought in-utero
Panel A: Height
Coeﬀ Std. Error Observations
Dependent Variable:
Height (cm)
-7.31∗∗
3.07
18,283
Panel B: Weight
Coeﬀ Std. Error Observations
Dependent Variable:
Weight (kilos)
-1.03∗∗
.45
18,283

R-Sq.
0.39
R-Sq.
0.35

Notes: All regressions contain ﬁxed eﬀects for year of birth, district, and state. All speciﬁcations are clustered
at the district level. Children are marked as having a drought occur while in-utero if there was a drought
during the monsoon season of the year prior to their birth. The mean of height is 717.1 centimeters and the
mean of weight is 81.7 kilograms. Standard errors are reported in parentheses. ***indicates signiﬁcance at
1% level, ** at 5% level, * at 10% level.
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Table A1: Testing for Serial Correlation in Rainfall
Dependent Variable: Deviation from district mean this year
(1)
(2)
Deviation from district mean last year .005
-.031∗∗∗
(.011)
(.010)
Year Fixed Eﬀects
NO
YES
Observations
9,248
9,248
Notes: This table tests if there is serial correlation in rainfall in our data. An observation is a district-year.
The dependent variable in both regressions is the deviation from mean rainfall in the current year (in inches),
where deviation is simply deﬁned as current year rainfall minus the mean rainfall in sample period. The
independent variable is deviation from mean rainfall last year (in inches), constructed in the same way. The
mean of the deviation is 0 (2.2e-06)and the standard deviation is 223 inches. Standard errors are reported
in parentheses. ***indicates signiﬁcance at 1% level, ** at 5% level, * at 10% level.

Table A2: Does Drought Impact Fertility Decisions?

Drought In-utero (t-1)
Drought (t-2)
Drought (t-3)

(1)
.22

(2)
.23

(.15)

(.16)

-.06

-.06

(.15)

(.15)

-.06
(.13)

Drought (t-4)

.05
(.12)

F statistic
Observations

8.92
7.26
2,876,063 2,876,063

Notes: All regressions contain ﬁxed eﬀects for district and standard errors are clustered at the dis
trict level. Dependent variable is child’s year of birth. Standard errors are reported in parentheses.
***indicates signiﬁcance at 1% level, ** at 5% level, * at 10% level.
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