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ABSTRACT
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The Origins of Cognitive Skills and Non-
cognitive Skills: The Long-Term Effect of 
in-Utero Rainfall Shocks in India*

Skills are an important predictor of labour, education, and wellbeing outcomes. 

Understanding the origins of skills formation is important for reducing future inequalities. 

This paper analyses the effect of shocks in-utero on human capital outcomes in childhood 

and adolescence in India. Combining historical rainfall data and longitudinal data from 

Young Lives, we estimate the effect of rainfall shocks in-utero on cognitive and non-

cognitive skills development over the first 15 years of life. We find negative effects of 

rainfall shocks on receptive vocabulary at age 5, and on mathematics and non-cognitive 

skills at age 15. Also, shocks occurred after the first trimester are more detrimental for 

skills development. Our findings support the implementation of policies aiming at reducing 

inequalities at very early stages in life.
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1. Introduction 

The foetal origins hypothesis (FOH) advocated by David J. Barker proposes that the in-utero 

period is an important and critical period where adverse (or favourable) conditions can have 

persistent and long-term effects on adult health (Barker, 1990; 1998). Since then, growing 

economic literature finds that shocks that occur during the in-utero period can affect various 

future outcomes such as adult health, human capital, and earnings (Almond & Currie, 2011). 

Research in epidemiology and developmental neuroscience suggests that the prenatal period is 

crucial in influencing the brain structure and neural development which subsequently affect 

cognitive function (Rooij et al., 2010; Andersen, 2003; Thompson and Nelson, 2001).  

However, little is known about the importance of this period for the formation of personality 

and non-cognitive skills. Understanding the early formation of non-cognitive skills is of 

particular interest given the impacts of these skills on key economic outcomes later in life, such 

as employment and earnings (Heckman et al., 2006; Cunha and Heckman, 2008; Cunha et al., 

2010), academic achievement, and social competence (Borghans et al., 2008; Almlund et al., 

2011).  

This paper analyses the effect of shocks that occur in-utero on both cognitive and non-

cognitive skills development over childhood and adolescence. More specifically, it exploits 

exposure to rainfall fluctuations to test: (i) whether exposure to environmental shocks during 

pregnancy negatively affects children’s cognitive and non-cognitive skills development; (ii) 

whether the effects vary depending on the intensity of the shock; and (iii) whether the impacts 

of being exposed to shocks differ across pregnancy trimesters. Our identification of the causal 

effect of rainfall variation on cognitive and non-cognitive skills development relies on the 

assumption that, conditional on community-by-month fixed-effects, temporary rainfall 

deviations from historical averages are uncorrelated with other latent determinants of skills 

development during gestation and through childhood and adolescence.  

 Our analysis uses the Young Lives (YL) data, a longitudinal dataset of children born 

between January 2001 and June 2002 in Andhra Pradesh (nowadays including the states of 

Andhra Pradesh and Telangana) and followed for five rounds of data collection over 15 years. 

We combined the YL dataset with monthly frequency gridded information on precipitation 

from the University of Delaware to construct a community-by-month weather dataset that 

spans between 1900 and 2014. Andhra Pradesh is vulnerable to several climate shocks 

including cyclones, storm surges, floods, and droughts. According to the Revenue Disaster 
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Management of Government of Andhra Pradesh and UNICEF, multiple incidences of heavy 

rain and flooding has been registered between April 2000 and September 2001, corresponding 

to the gestational period for the YL children. Also, there were reports of drought in the first six 

months of 2000 in the southern districts of Andhra Pradesh.4  

 Our study contributes to the literature on the effect of shocks in-utero on long-term 

human capital development in several ways. First, this is one of the few papers in the economic 

literature investigating the effect of weather shocks happening during the gestation period.  

Second, we investigate the effect on both cognitive and non-cognitive skills, where evidence 

on the latter is particularly scarce. Third, we add to the thin body of evidence on how the effect 

of interest evolves over time, throughout childhood to adolescence. Finally, we contribute to 

the growing literature on the long-term effects of more frequent aggregate shocks, which are 

far less extreme compared to catastrophic shocks (such as famine episodes and earthquakes) 

but affect larger populations and are likely to keep occurring in the future. Our findings are 

therefore suitable to provide evidence for the design of policies aiming at minimizing the long-

term impacts of milder shocks on the foetal environment.  

We find that children who are exposed to rainfall shocks in-utero have lower cognitive 

skills at age 5 and age 15. In particular, we find that being exposed to at least a 1.5 standard 

deviation of rainfall shocks in-utero reduces the receptive vocabulary test score (as measured 

by the Peabody Picture Vocabulary Test - PPVT) at age 5 (in 0.13 points or 5% lower score 

than the control group including children not affected by any shock in-utero) and the math test 

score (in 13.6 points or 2% lower score respect to the control group) at age 15. Additionally, 

rainfall shocks in-utero reduces children’s core-self-evaluation (CSE), a composite measure of 

self-esteem, self-efficacy and locus of control at age 15 by 0.15 points. No statistically 

significant effects were found between ages 8 and 12. Finally, according to our results, being 

exposed to shocks after the first trimester of pregnancy has the largest detrimental effects on 

children’s cognitive scores.  

The remainder of the paper is organized as follows. Section 2 briefly reviews previous 

studies on this topic. Section 3 describes the two sets of data used in this paper and the main 

definitions of the outcome variables of interest, how the gestational period and rainfall shocks 

are defined. Section 4 shows some descriptive evidence emerging from the data. Section 5 

 
4 For more information see: https://reliefweb.int/report/india/india-floods-appeal-no-192000-final-report; 

https://reliefweb.int/report/india/unicef-report-drought-and-floods-india-28-sep-2000 

https://reliefweb.int/report/india/india-floods-appeal-no-192000-final-report
https://reliefweb.int/report/india/unicef-report-drought-and-floods-india-28-sep-2000
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describes the empirical approach and Sections 6 and 7 present and discuss the results and their 

validity. Section 8 concludes with a summary and discussion. 

2. Literature review 

Extensive research in the neuroscience literature has argued that there are different, and 

potentially critical stages of brain development which can have persistent long-term effects on 

human behaviour.5 According to Stiles and Jernigan (2010), human brain development begins 

in the first trimester of pregnancy. From the third to eighth gestational week (first trimester), 

rudimentary structures of the brain and central nervous system are established to form the first 

well-defined neural structure.6 The period between the eighth gestational week extending to 

approximately mid-gestation is a crucial period in the development of the neocortex and 

extends until mid-gestation. The neocortex is important in higher functions such as sensory 

perception, spatial reasoning, conscious thought, and language. In the last trimester of 

pregnancy, myelination (fatty insulation of neurons) and synaptogenesis (forming of synapses 

between neurons in the nervous system) begin. According to Thompson and Nelson (2001), all 

these processes in the prenatal period are essential to the functional architecture of the brain. 

The authors argue that in prenatal months, the developing brain is vulnerable to external insults 

such as viral infection, alcohol exposure, and malnutrition, warranting attention to prenatal 

brain development. In addition, Andersen (2003) argues that there are potential periods of 

vulnerability during prenatal brain development which could, in turn, have important long-term 

effects on psychological and behavioural dysfunction, but research on this is still at its infancy. 

Rooij et al. (2010) find evidence to this link; exposure to malnutrition in the foetal period during 

the Dutch Famine, particularly during the first part of pregnancy, negatively affects selective 

attention and inhibitory control later in the child’s life.  

 Economists have also sought to establish the link between prenatal conditions and 

human capital outcomes frequently exploiting natural experiment to demonstrate causal 

pathways. Natural experiments either in the form of climate shocks (Maccini and Yang, 2009; 

Kumar et al., 2014; Andalon et al., 2016), pandemics (Almond, 2006; Banerjee et al., 2010 ; 

Fletcher, 2018), famine (Neelsen and Stratmann, 2012), and genocide (Bundervoet and 

 
5 Knudsen (2004) argues that there are two important periods for the brain and behaviour: ‘sensitive’ and ‘critical’ 

periods. ‘Sensitive’ periods are limited periods during brain development where effects of experience on the brain 

are unusually strong, while ‘critical’ periods are experiences that occur during the sensitive period but result in 

irreversible changes to the brain function. 
6 Gestational week refers to the number of weeks post conception (from the mother’s last menstrual cycle). 
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Fransen, 2018) offer a suitable solution to the omitted variables bias concern. One of the first 

economics study investigating the FOH was conducted by Almond (2006) who studied the 

long-term effects of in-utero exposure to the 1918 influenza pandemic in the US. He found that 

cohorts who were in-utero during the pandemic displayed reduced educational attainment, 

increased rates of physical disability, lower income, lower socioeconomic status, and higher 

transfer payments compared with other birth cohorts. Similarly, Bundervoet and Fransen 

(2018) found that children who were in-utero during the genocide in Rwanda were 

approximately 8% less likely to complete primary school and completed 0.3 years of education 

less than children who were born a couple of months later. 

 While the early literature using natural experiments tend to focus on disasters or more 

extreme shocks, there has been growing economic literature investigating the effect of in-utero 

exposure to more frequent aggregate events on future outcomes. For example, Almond et al. 

(2015) and Almond and Mazumder (2011) find that Muslim students exposed to Ramadan in 

the first half of pregnancy have respectively significantly lower math test scores (between 0.06 

and 0.08 standard deviations lower) and are 20% more likely to be disabled as adults, the effect 

being larger for mental (or learning) disabilities. Similarly, Majid (2015) showed that children 

in Indonesia exposed to Ramadan in-utero scored 7.8% lower on cognitive tests and 5.9% lower 

on maths scores.  

Similar evidence emerges from studies investigating the effect of weather fluctuations 

during the gestation period on children’s health. Rocha and Soares (2013) find that rainfall 

shocks during pregnancy can lead to higher infant mortality, lower birthweight and shorter 

gestation periods in Brazil. Andalon et al. (2016) find that in Colombia, in-utero exposure to 

moderate low-temperature shocks during the first and second trimester of pregnancy reduces 

children’s length at birth while exposure to moderate heat waves in the third trimester reduces 

the child’s weight of birth. In India, Kumar et al. (2014) find that children who experienced 

drought in-utero have poorer health, measured by weight-for-age z-scores. Similarly, Ahmed 

and Ray (2017), using YL data, find that children exposed to multiple shocks in-utero have 

lower weight-for-age and height-for-age z-scores. Notably, the latter paper measures shocks 

using self-reported information, which may suffer from inaccuracies and recall bias. Our paper 

overcomes this problem by using direct measures of rainfall data, which accurately measure 

weather shocks experienced by the household. 

There is a growing number of studies analysing the effects of weather shocks on 

educational outcomes, mainly measured by educational attainment and enrolment and a few on 



6 

 

earning outcomes. Maccini and Yang (2009) find that higher rainfall in-utero raises adult 

women’s schooling and socio-economic status in rural Indonesia, but not for men. Thai and 

Falaris (2014) find that negative rainfall shocks in-utero delays Vietnamese children’s school 

entry and grade progression, between the ages 6 and 19. In India, studies using data from ASER 

of primary school children, find that children exposed to drought in-utero are less likely to 

enrol in school, more likely to repeat a grade, and perform worse than their peers in 

mathematics and reading tests (Shah and Steinberg, 2017).  

In contrast to the effects on cognitive skills, the literature on the effects of in-utero 

shocks on non-cognitive skills is almost inexistent. We are aware of only one study by 

Krutikova and Lilleor (2015) that examines the effect of prenatal exposure to rainfall 

fluctuations on non-cognitive skills in adulthood in Tanzania, measured using a composite 

measure of self-esteem, self-efficacy and locus of control called core self-evaluation. The 

authors find that exposure to a 10% increase in rainfall deviation from the long-run average in-

utero increases an individual’s core self-evaluation by 0.08 standard deviations relative to their 

siblings.7  

3. Data 

This section first, describes the two main source of data used for the empirical analysis (i.e., 

the YL data and the rainfall data); second, it defines the main variables used for this analysis. 

3.1 Young Lives 

The YL survey is a unique longitudinal cohort study following two cohorts of children in 

Andhra Pradesh and Telangana. For this study, we use the younger cohort data for which we 

have information since the first years of life. The younger cohort includes circa 2,000 children 

was born in 2001-2002 when the children were aged between 6 and 18 months.8 The first study 

wave was followed by four subsequent rounds in 2006 (age 5), 2009 (age 8), 2013 (age 12) and 

2016 (age 15). The attrition rate between rounds 1 and 5 is 6%, which is relatively low 

compared to other longitudinal studies. 

 
7 Notably, the authors defined the in-utero shock variable using yearly rainfall data. This approach does not allow 

to control for seasonality as rainfall deviations are computed on yearly basis.  
8 The older cohort consists of circa 1,000 children that were born in 1994-1995 and tracked since about age 8. 
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 The study sites were selected in 2001 using a semi-purposive sampling strategy to 

oversample poor households. Hence, YL is not a nationally representative survey.9 The old 

state of Andhra Pradesh, now comprising both Andhra Pradesh and Telangana state, was 

divided into 23 administrative districts, each sub-divided into a number of mandals (also called 

sentinel sites or clusters), depending on the size of the district. In total, there were 1,125 

mandals with generally between 20 and 40 communities (or villages) in a mandal. The 

sampling design consisted of two stages. In the first stage, 20 mandals were chosen based on a 

set of economic, human development and infrastructure indicators (Young Lives, 2017). In the 

second stage, approximately 100 households with a child born in 2001-02 were randomly 

selected from each mandal. The final sample is spread across 7 districts and 3 regions 

(Srikakulam and West Godavari in Coastal Andhra; Anantapur and Kadapa in Rayalaseema; 

Karimnagar and Mahbubnagar in Telangana; and Hyderabad), 20 clusters and 100 

communities, including both rural and urban communities.  

 In all rounds, two main questionnaires were administered to capture various 

measurements of child development and other household-level characteristics: a child 

questionnaire with data on child health and anthropometrics (from age 1),10 cognitive 

achievements and more specifically receptive vocabulary and numeracy (from age 5 and 8 

respectively), non-cognitive skills or personality traits (from age 8) and other individual 

characteristics; a household questionnaire (from age 1) including data on caregiver 

background, livelihood, demographic characteristic of household members, socio-economic 

status, and self-reported shocks. Finally, and most importantly for this paper, YL collects GPS 

coordinates for all the communities where the YL children live. This information allows us to 

estimate with precision the YL children’s exposure to weather shocks, which will be further 

explained in Section 3.2. 

Cognitive and non-cognitive skills measures 

There are two main cognitive indicators used in this analysis: receptive vocabulary and 

numeracy skills. Receptive vocabulary is measured using an adapted version of the Peabody 

Picture Vocabulary Test, a widely used test, administered between the ages of 5 and 15 years 

 
9 Nevertheless, it is shown that the YL sample covers the diversity of children in poor households in Andhra 

Pradesh (Kumra, 2008). 
10 Considering that only 42.9% of the full sample had their birth weight recorded, we did not use this variable in 

the analysis. The sample of children whose birth weight is reported is quite selected: children whose birth weights 

are recorded are socio-economically better off; their mothers have higher education; they live in urban areas; and 

have fewer siblings. 
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old (Dunn and Dunn, 1997). Numeracy skills are assessed using mathematics tests developed 

by YL for the purposes of the survey. The mathematic tests were not designed to be grade-

appropriate but incorporate questions at widely differing levels of difficulty: at the basic level, 

the tests included questions assessing basic number identification and quantity discrimination; 

at the intermediate level, questions on calculation and measurement; and at the advanced level, 

questions related to problem-solving embedded in hypothetical contexts that simulate real-life 

situations (e.g., tables in newspapers). The cognitive tests were collected for all children, 

regardless of whether they were attending school or not. This feature of the data avoids the 

selection problem which commonly arises when using school-based data.11 

 The PPVT and the math tests are constructed using Item Response Theory (IRT) models 

that are commonly used in international assessments such as PISA and TIMSS. The main 

advantage of IRT models consists of acknowledging item difficulty and enhancing 

comparability over time and across ages (Leon and Singh, 2017). 

 For non-cognitive skills, YL collects self-reported information about generalised self-

esteem, self-efficacy, and agency measured at age 12 and 15. Self-esteem refers to an 

individuals’ judgement of their own self-value or self-worth and it was measured using the 

Rosenberg self-esteem scale (Rosenberg, 1965). It has been found to be correlated to 

conscientiousness and inversely related to the personality trait of neuroticism (Meier et al., 

2011). Self-efficacy is measured through the General self-efficacy scale (Jerusalem and 

Schwarzer, 1992) and it refers to the individual’s belief in the own’s capabilities to produce 

given attainments and to cope with adversity (Schwarzer and Jerusalem, 1995; Bandura, 1993). 

Finally, agency is closely linked to self-efficacy and builds on the concept of locus of control 

by Rotter (1966). In this case, the objective is to measure a child’s sense of agency or mastery 

over his/her own life. For each non-cognitive measure, children were asked to indicate their 

degree of agreement or disagreement with five statements measured on a Likert scale. The full 

list of statements and corresponding distribution and raw score reported in the Annex.12 

 In psychology, self-esteem, self-efficacy, locus of control, and neuroticism measure a 

latent personality trait known as “core self-evaluations” (CSE), first examined by Judge, Locke, 

and Durham (1997). Individuals with high CSE think positively of themselves and are 

confident about their own abilities. Conversely, people with low CSE have a negative appraisal 

 
11 A validation of the psychometric properties of the PPVT and math scores can be found in Cueto and Leon 

(2012) and Cueto et al. (2009). 
12 The internal consistency of these scales is documented and discussed in Yorke and Ogando Portela (2018) and 

Dercon and Krishnan (2009). 
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of themselves and lack confidence. CSE has been found to be positively correlated with job 

performance (Judge et al., 1998), the ability to work in a team (Mount et al., 1995), income 

level and academic achievement (Judge and Hurst, 2007). Judge et al. (2003) developed a core 

self-evaluation scale including 12 items alike the ones administered in YL.13 Validation tests 

show that the measures of self-esteem, self-efficacy, and agency administered in YL have a 

high degree of correlation. A principal component analysis confirms that items from all three 

scales load to the first factor which has an eigenvalue of 3.62 and explains 85% of the total 

variation. The CSE scale constructed has high internal reliability, with a Cronbach's alpha of 

0.81. This is supported by the psychology literature that questions the independence of these 

three related concepts and is cautious about investigating them in isolation (Judge et al., 2002; 

Block 1995). Thus, we use the first factor emerging from the principal component analysis as 

a measure of the latent CSE personality traits. The score is standardised within the sample.  

3.2 Rainfall data 

Rainfall data is obtained from the University of Delaware, which provides gridded climate data 

on monthly rainfall precipitations between 1900 and 2014 (Matsuura and Willmott, 2015).14 

This long series of data points are used to compute the monthly historical mean in each of the 

100 YL communities in India. To do so, we match the grid points for which rainfall data was 

available to the GPS locations of the YL communities. For each YL community, the survey 

collected GPS coordinates using as a reference point the centre of the community either 

identified as the centre of the main square or, in absence of it, of another point of interests (e.g., 

city hall, school, post office, church). The distance from each community GPS location to all 

grid points was calculated and the four grid points closest to each YL community were 

considered. A distance weight 𝑤𝑔 was generated for each grid point 𝑔, as follows: 

𝑤𝑔 =
𝑑𝑖𝑠𝑡𝑔

−1

∑ 𝑑𝑖𝑠𝑡𝑔
−14

𝑔=1

 

with 𝑤𝑔 ranging from 0 to 1, with grid points closer to the community having larger weights. 

The distance weights for the four grid points in each community summed to 1. For each YL 

 
13 The full list of items in reported in the Annex, in Table A1. 
14 The data can be accessed at the following links at the University of Delaware’s website: Terrestrial Air 

Temperature: 1900-2014 Gridded Monthly Time Series (1900 - 2014) (V 4.01 added 5/1/15) and Terrestrial 

Precipitation: 1900-2014 Gridded Monthly Time Series (1900 - 2014) (V 4.01 added 5/1/15). Each of the values 

is a local point estimate at a 0.5-degree of longitude-latitude resolution. 

http://climate.geog.udel.edu/~climate/html_pages/download.html#T2014
http://climate.geog.udel.edu/~climate/html_pages/download.html#T2014
http://climate.geog.udel.edu/~climate/html_pages/download.html#P2014
http://climate.geog.udel.edu/~climate/html_pages/download.html#P2014


10 

 

community, the monthly rainfall precipitation was calculated as a distance-weighted average 

of the monthly rainfall registered at the four closest grid points to that community.  

To identify shocks and their severity, we compute the month-community Standardized 

Precipitation Index (SPI), following Lloyd-Hughes and Saunders (2002) methodology. The 

SPI was first proposed by McKee et al. (1993) to monitor the severity of droughts in Colorado, 

USA.15 The primary advantage of using the SPI is simplicity, since the rainfall data is the only 

information needed (i.e., no information about altitude or soil characteristics are needed). Also, 

while precipitation is typically not normally distributed, the SPI normalises the data, making 

wetter and drier climates equally represented. Lloyd-Hughes and Saunders (2002) define 

rainfall shocks as rainfall fluctuations of at least 1.5 standard deviations away from the 

historical monthly-and-community specific rainfall mean. 

Notably, YL collects self-reported data about shocks, information collected in the first 

round.16 While the self-reported shocks do not encompass droughts or floods specifically, we 

found a substantial correspondence between what the YL households report and the occurrence 

of shocks as defined using the rainfall data. More specifically, we found an overlap between 

clusters with a high prevalence of households reporting having been affected by a shock and 

those hit by strong rainfall fluctuations during the same period as per the rainfall data. This 

strongly suggests that the rainfall shocks registered in the climate data were indeed perceived 

and affected the population living in the geographical area where the shock occurred. However, 

reliance on external data, as opposed to self-reported data on shocks, is preferable, as it 

addresses concerns of systematic reporting bias besides increasing the precision of estimates 

(Cameron and Shah, 2013). 

3.3 Defining the in-utero period and rainfall shocks 

The YL children were born between January 2001 and June 2002. The date of conception and 

the gestation period of each YL child is defined using information about the date of birth and 

assuming 38 weeks (266 days) as an approximation of a normal-term pregnancy, as per the 

World Health Organization definition.17 Therefore, the gestational period for YL children is 

 
15 SPI is also used by the Indian Meteorological Department for monitoring purposes 

(http://www.imdpune.gov.in/hydrology/hydrg_index.html).  
16 In 2001/2002 the household head is asked to report any “big changes or events” that decreased the economic 

welfare of the household since the mother was pregnant with the YL child.  
17 The World Health Organization define as preterm as giving birth before 37 weeks of pregnancy is completed. 

See the WHO website: https://www.who.int/news-room/fact-sheets/detail/preterm-birth. Also, most of the papers 

use 266 days or 38/40 weeks as threshold to define pre-term pregnancies. 

http://www.imdpune.gov.in/hydrology/hydrg_index.html
https://www.who.int/news-room/fact-sheets/detail/preterm-birth
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between April 2000 and September 2001. The defined gestation period accounts for premature 

births. Information about premature births and the number of weeks the child was premature 

are available in the first survey round as reported by the mother.18 About 9% of mothers (164 

observations) reported that their child was between 1 to 9 weeks premature, with an average of 

2 weeks of prematurity. The trimesters of pregnancy were then defined as the periods between 

week 0 – 12 (first trimester); week 13—27 (second trimester); and week 28 until birth (third 

trimester).  

 To identify the community of residence of the mother while she was pregnant with the 

YL child, we use round 1 information on the community of residence and information about 

how long the mother has been living in the same community. In the attempt to exclude mothers 

who may have migrated to the round 1 community of residence to give birth or after the birth 

of the child, we exclude from the sample mothers who reported to have moved to the 

community while pregnant or after giving birth, about 6.6% of the sample. Thus, the final 

sample includes mothers who lived in the community for at least 2 years and up to 40 years 

before the first round of data collection, with an average of 9.7 years.19  

Information related to the conception date and place of residence were matched with 

the relevant rainfall data for the specific community, month and year. Therefore, for each child, 

we defined nine variables, one for each month m of the gestation period, capturing the monthly 

rainfall deviations 𝑅𝐷𝑖,𝑐
𝑦,𝑚

 for the child i, whose mother was living in the community c during 

the years y (either 2000 or 2001). 𝑅𝐷𝑖,𝑐
𝑦,𝑚

 is the difference between the monthly rainfall in the 

community of residence and the historical monthly rainfall in the same community:   

𝑅𝐷𝑖,𝑐
𝑦,𝑚

= 𝑅𝑐
𝑦,𝑚

− 𝐻𝑅𝑐
𝑚 

More specifically, 𝑅𝑐
𝑦,𝑚

 is the rainfall in month m and year y in the community of 

residence c and 𝐻𝑅𝑐
𝑚 is the historical rainfall for month m in the same community c. The 

historical monthly rainfall is the average monthly rainfall registered in each community during 

the period 1900-2014. For instance, the historical average rainfall for January in a specific 

community would be computed by averaging out the monthly rainfall registered in the same 

community during all the 115 Januaries during the 1900-2014 period. 

 
18 There are only 12 cases where the number of weeks the child was premature is not reported. These observations 

were deleted from the sample.  
19 We cannot exclude that some of the mothers might have spent part of the pregnancy in a different community 

as the survey question asks “how long have you lived in this community for?”, which does not account for 

temporary short-term migration.  



12 

 

Following Lloyd-Hughes and Saunders (2002), we defined as a shock any monthly 

rainfall deviation of at least 1.5 standard deviations above (positive shock or floods) or below 

(negative shock or droughts) the historical monthly average for the same community.20 To 

characterize the intensity of the shock we distinguish between mild shocks (between 1.5-2 

standard deviation above the historical monthly average) and strong shocks (any shocks of at 

least 2 standard deviations above the historical monthly average). It is worth noticing that 

computing month- and community-specific rainfall deviation accounts for seasonality, besides 

identifying communities that are historically more prone than others to floods and/or droughts. 

4 Rainfall shocks in India during the YL children in-utero period 

The climate in India is typically characterised by four general seasons, winter in January and 

February, the pre-monsoon season between March and May, the monsoon rainy season 

between June and September when 75% of the annual rainfall occurs, and the post-monsoon 

period between October and December (Attri and Tyagi, 2010).  

   

 
20 This terminology is used without any specific reference to the intensity of the rainfall deviation. 
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Figure 1 displays the average monthly-and-community specific historical rainfall registered 

across the 100 YL communities in India and the average monthly-and-community specific 

rainfall beginning from April 2000 up until September 2001, corresponding to the in-utero 

period of the YL children. The historical rainfall fluctuations reflect the annual seasonal trend 

described above, with the wettest months between June and September, and the driest months 

between December and April. Furthermore, when comparing rainfall fluctuations during the 

in-utero period against the historical rainfall we observe that the monsoon season in 2000 

(between June and August) shows particularly intense precipitations. This is likely due to the 

cyclone that hit Andhra Pradesh in August 2000 (De et al., 2005). 
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Figure 1: Average monthly rainfall and deviation from the historical mean during the in-utero 

period 

   

Note: The monthly rainfall reported in the figure is computed averaging the monthly 

rainfall across the Young Lives communities for the period April 2000-September 

2001. The historical monthly rainfall is the average monthly rainfall registered in each 

community during the period 1900-2014.  

 

 

The YL communities are distributed across three agro-climatic regions: 42 

communities are in Coastal Andhra, 33 in Telangana and 25 in Rayalaseema. Looking at the 

geographical distribution of the rainfall shocks during the in-utero period, we find that a larger 

proportion of communities are affected by positive shocks compared to negative shocks. The 

prevalence of rainfall shocks (flood and droughts) during the in-utero period is highest in 

Telangana communities, while Coastal Andhra and Rayalaseema communities are more prone 

to positive shocks compared to the communities in the other two regions.  

Most children have been exposed to an abnormal amount of precipitation during the 

gestation period (Table 1). Three out of four children experienced at least a shock of 1.5SD 

during the gestation period. Furthermore, almost a third of the children (31%) have been 

exposed to extreme rainfall shocks during the gestation period (2SD or more). In terms of 

timing, there are some variations in the incidence of shocks throughout the pregnancy 

trimesters, but they are roughly equally spread, with a slightly higher prevalence of rainfall 

shocks during the first and second trimesters. 
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Table 1. Prevalence of rainfall shocks of different intensity and nature during pregnancy 

Levels of exposure to rainfall shock % Obs. 

Affected by a rainfall shock of at least 1.5SD 75.8 1,313 

Affected by strong rainfall shock (2SD and above) 30.9 535 

Affected by mild rainfall shock (between 1.5SD and 

2SD) 
44.9 778 

None 24.2 419 

Affected by a rainfall shock of at least 1.5SD 75.8 1,313 

First trimester 37.0 641 

Second trimester 35.9 621 

Third trimester 31.5 546 

None 24.2 419 

Observations    1,732 
Note: The sample includes all children tracked since round 1 and across the 5 rounds. The sample is constrained 

to children whose background characteristics are observed, and at least one of their skills score (PPVT, 

mathematics or CSE) is measured in all rounds. Percentage affected by the rainfall shock in-utero by trimester 

can overlap since the in-utero shocks can occur in more than one trimester, depending on the date of conception.    

 

Table 2 reports some basic characteristics comparing children exposed to a rainfall 

shock during the gestational period to their peers. All variables are time-invariant except for 

the rural/urban location of residence measured in round 1. By construction, the place of 

residence refers to the place where the child was conceived and lived (at least) his/her first year 

of life. The p-values for a t-test for differences in means between the two groups are reported 

in the fifth column. Overall, we find that the exposure to in-utero shocks is homogeneously 

distributed across the selected subgroups. However, we find that children in rural areas are 

more likely to have been exposed to shocks in-utero compared to those in urban areas. Although 

these differences may suggest that children from less advantaged backgrounds are more likely 

to be affected by shocks, it is reassuring to find that parental education levels are similar across 

both groups. 
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Table 2: Comparing children affected and not affected by in-utero shocks 

  Exposed to in-

utero shock 
No shocks t-test 

  

  Mean SD Mean SD p-value 

Child characteristics           

Female 0.47 0.01 0.45 0.02 0.554 

Child's age (in months) 179.96 0.10 180.12 0.19 0.468 

Castes          

Scheduled Caste 0.18 0.01 0.19 0.02 0.633 

Scheduled Tribe 0.14 0.01 0.20 0.02 0.004 

Backward Caste 0.47 0.01 0.44 0.02 0.341 

Other Caste 0.21 0.01 0.17 0.02 0.059 

Round 1 location is urban 0.74 0.01 0.87 0.02 0.000 

Parent characteristics           

Mother's education           

Incomplete primary or less 0.75 0.01 0.76 0.02 0.252 

Completed primary and completed 

secondary 0.23 0.01 0.21 0.02 

 

0.202 

Tertiary education and above 0.02 0.00 0.02 0.01  0.757 

Father's education          

Incomplete primary or less 0.61 0.01 0.63 0.02 0.150 

Completed primary and completed 

secondary 0.33 0.01 0.31 0.02 

 

0.254 

Tertiary education and above 0.06 0.01 0.05 0.01 0.502 

  1,313 419   
Note: The sample is constrained to children whose background characteristics are observed, and at least one of 

their skills score (PPVT, mathematics or CSE) is measured in all rounds.  Being exposed to rainfall shocks is 

defined as being exposed to a rainfall fluctuation of at least 1.5 standard deviations away from the monthly-

community specific historical mean for at least one month during the gestational period. There is no statistically 

significant difference in prevalence of premature births between children who were exposed to the shock in-

utero compared to children who were not exposed (9% and 10% respectively). Premature births were self-

reported by the mother, with 1,682 observations. The p-values for a t-test for differences in means between 

control group and the treated groups are reported in the second column. 

 

5 Empirical approach 

We exploit variations in rainfall across geographic areas (community), months and years of 

birth to identify the causal effect of shock in-utero on cognitive and non-cognitive skills 

development. As mentioned, the YL children were born in 100 different communities and 

although the sampling design was done to identify children of approximately the same age in 

round 1, the age distribution is spread across 18 months, between January 2001 and June 2002 

as described above. 
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 We test for three main hypotheses. First, exposure to rainfall shocks during the 

gestational period has long-term effects on cognitive and non-cognitive skills development 

throughout childhood and adolescence. Second, the effect of in-utero exposure to rainfall 

shocks increases with the intensity of the shock. Third, the effect of the in-utero exposure to 

rainfall shock is time-sensitive, i.e., it depends on which trimester of pregnancy the shock 

occurred.  

The effect of in-utero rainfall shocks on children’s future outcomes is specified as follows: 

𝑌𝑖𝑗𝑐,𝑡 = ∝ + 𝛽0𝑆𝑖𝑗𝑐 + 𝛾𝐶𝑗 + 𝜔𝑐 + 𝑦𝑒𝑎𝑟𝑖 + 𝜀𝑖𝑗,𝑡   (1) 

where 𝑌𝑖𝑗𝑐,𝑡 is the outcome of interest of child i, at age t, born in the household j and whose 

mother was living in community c during pregnancy. The outcomes measured are PPVT scores 

at ages 5, 8, 12 and 15; mathematics scores at ages 8, 12 and 15; and CSE scores at ages 12 

and 15. 𝑆𝑖𝑗𝑐 is the shock variable and it takes a value equal to 1 if for at least one month during 

the gestational period the community where the mother of the child was living was exposed to 

a rainfall shock of at least 1.5 standard deviations, as calculated by the SPI. The main parameter 

of interest is 𝛽0 which captures the impact of in-utero shocks on the child’s outcome. As long 

as the rainfall shock is exogenous, that is E(𝑆𝑖𝑗𝑐, 𝜀𝑖𝑗,𝑡) = 0, 𝛽0 is unbiased and provides the 

causal effect of a rainfall shock on 𝑌𝑖𝑗𝑐,𝑡. This will be discussed further at the end of this section. 

 The vector C includes the child’s age in months, gender, and his/her caste. This 

specification also includes maternal community of residence fixed-effects 𝜔𝑐 that are intended 

to control for any unobservable (time-invariant) community-specific characteristics, that might 

make some communities more prone to weather shocks or more disadvantaged than others in 

term of health and education inputs (such as the availability and quality of health services, 

prenatal care, and education services). The ideal geographical level to be used for the fixed-

effect is the community, given that the rainfall variable is defined at the community level.21 

Finally, we include a year of birth fixed-effect to account for time trends. 𝜀𝑖𝑗,𝑡 is an idiosyncratic 

error term. In the regressions, standard errors are clustered at the community level. 

 To capture the heterogeneity of the effect of shocks in-utero we investigate how it varies 

depending on: first, its intensity (i.e., whether the rainfall shock is of at least 1.5 standard 

deviations or 2+ standard deviations); and second, its timing (i.e., during which pregnancy 

trimester the first shock occurs). 

 
21 The relatively small sample size might raise concerns about the limited within-community variation with the 

fixed-effect capturing most of the variation in the data. However, results are similar when fixed-effect at YL 

cluster level are considered.  
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In equation (2), 𝐼𝑘 corresponds to three 𝑘 levels of intensity of the rainfall shock (0 = 

no shock, the base category; 1 = mild shock; 2 = strong shock). Thus, the parameters of interest, 

𝜎1 and 𝜎2, correspond to the effect of being exposed to a mild shock and a strong shock, 

respectively, compared to children who did not experience any shocks in utero. 

𝑌𝑖𝑗𝑐,𝑡 = ∝ + ∑ 𝜎𝑘𝐼𝑖𝑗𝑐
𝑘2

𝑘=0 + 𝛾𝐶𝑗 + 𝜔𝑐 + 𝑦𝑒𝑎𝑟𝑖 + 𝜀𝑖𝑗,𝑡   (2) 

 In equation (3), we explore whether there are key periods during pregnancy when 

exposure to rainfall shocks are more likely to affect the child’s skills development. Given that 

in our sample some children have been affected by shocks in more than one trimester, we 

analyse the effect of the shock timing by identifying the effect of the trimester (first, second or 

third) when a shock first occurred. To do so, we include the variables 𝑆𝑟 for whether the shock 

happened in trimester one, two or three or never happened (base category). We also control for 

the total number of monthly shocks that occurred throughout pregnancy, indicated by 𝑇𝑖𝑗𝑐. 

𝑌𝑖𝑗𝑐,𝑡 = ∝ + ∑ 𝜑𝑟𝑆𝑖𝑗𝑐
𝑟4

𝑟=0 + 𝛿𝑇𝑖𝑗𝑐 + 𝛾𝐶𝑗 + 𝜔𝑐 + 𝑦𝑒𝑎𝑟𝑖 + 𝜀𝑖𝑗,𝑡  (3) 

To identify the effects of in-utero rainfall shocks on children’s skills, we rely on the assumption 

that rainfall shocks are random, which seems to be the case, as shown in Table 2. Furthermore, 

an underlined assumption is that the decision to get pregnant is not timed according to 

seasonality. As reported in Figure A1 in the Annex, births are equally spread over time.22 Also, 

if mothers did time their pregnancies, then we would find differences in the background 

characteristics of mothers who gave birth in the monsoon period compared to those who gave 

birth in a different period, which would invalidate our assumption that rainfall shocks and 

pregnancy are orthogonal. Table A2 in the Appendix reports the average background 

characteristics of mothers of children born in the monsoon compared to those not born in the 

monsoon period. It is reassuring to find that the characteristics of the mothers (education; 

health, proxied by height; age; and, the number of children) in the two subgroups are largely 

similar, the only exception being the urban/rural place of residence, as in Table 2. A final 

concern would be if mothers were able to time the pregnancy anticipating weather shocks. 

However, it seems quite unlikely, as it would require sophisticated forecasts models. 

 
22 Notably, the gestation period for virtually all children in the sample overlap with the monsoon season for at 

least a month. Only 2 children (0.11% of the sample) were not exposed to the monsoon period at any month during 

the in-utero period. 
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6 Results 

Table 3 shows the average effects of experiencing a rainfall shock at any point during the in-

utero period on children’s cognitive and non-cognitive skills. Like previous studies (Almond 

et al., 2015; Almond and Mazumder, 2011), we find that being exposed to a rainfall shock 

reduces children’s cognitive skills. In particular, we find that being exposed to a rainfall shocks 

in-utero reduces PPVT scores at age 5 (in 0.13 points or 5% lower score respect to the control 

group) and the math scores (in 13.6 points or 2% lower score respect to the control group) at 

age 15. Additionally, we find novel evidence that rainfall shocks in-utero reduces children’s 

non-cognitive skills at age 15 by 0.15 points. 

Table 3: In-utero rainfall shocks on children’s skills 

  PPVT IRT Math IRT CSE 

Age 5 -0.128*     

  (0.068)     

Age 8 -0.038 1.006   

  (0.072) (5.820)   

Age 12 -0.059 -3.800 0.100 

  (0.089) (5.323) (0.070) 

Age 15 -0.114 -13.579** -0.145* 

  (0.113) (5.663) (0.078) 

Observations 1313 1697 1315 
Note: All specifications control for child’s age, gender, and caste, 

year of birth fixed-effects, and community fixed-effects. Standard 

errors are clustered at the community level. The sample is constrained 

to children of whom their skills scores are observed at all ages. P-

values to show if the estimate is statistically significant from zero is 

indicated by *p < 0.1, **p < 0.05, ***p < 0.01.  

 

Table 4 shows evidence about the variation of the effects according to the intensity of 

the shock. It shows the effect of a mild shock and of a strong shock compared to children who 

have not been exposed to a shock in-utero. We find that the exposure to strong shocks is driving 

the detrimental effect on children’s PPVT score at age 5 while no effect is found for mild 

shocks. Conversely, being exposed to a mild shock negatively affects PPVT and CSE at age 

15. Finally, both mild and strong shock have a (equal) negative impact on math score at age 

15.  
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Table 4: In-utero rainfall shocks by intensity, on children’s skills 

    PPVT IRT Math IRT CSE 

Age 5 ≥1.5SD and <2SD -0.117     

    (0.077)     

  2SD and above -0.144*     

    (0.082)     

Age 8 ≥1.5SD and <2SD -0.060 -1.084   

    (0.094) (6.486)   

  2SD and above -0.005 3.763   

    (0.088) (6.378)   

Age 12 ≥1.5SD and <2SD -0.130 -7.961 0.029 

    (0.085) (5.861) (0.091) 

  2SD and above 0.052 1.720 0.196* 

    (0.121) (6.991) (0.102) 

Age 15 ≥1.5SD and <2SD -0.234* -14.753** -0.168* 

    (0.129) (6.991) (0.090) 

  2SD and above 0.072 -12.029* -0.114 

    (0.125) (6.255) (0.094) 

Observations   1313 1697 1315 
 

Note: All specifications control for child’s age in the specified round, gender, and 

caste, year of birth fixed-effects, and community fixed-effects. Standard errors are 

clustered at the community level.  The sample is constrained to children of whom 

their skills scores are observed in every age. P-values to show if the estimate is 

statistically significant from zero is indicated by *p < 0.1, **p < 0.05, ***p < 0.01.  

 

We then explore whether the impacts of being exposed to rainfall shocks differ 

depending on whether the child was exposed to a rainfall shock for the first time in the first, 

second or third pregnancy trimester. Table 5 shows that being exposed to the first rainfall shock 

after the first trimester is most detrimental to children’s cognitive scores. A rainfall shock 

experienced during the second trimester negatively affects PPVT scores at age 5 more than if 

the shock first occurred in the first or third trimester. Similarly, in-utero rainfall shocks during 

the second or third trimester negatively affect the math score while no effect is found for shocks 

occurring in the first trimester. 
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Table 5: Effect of shocks in-utero on skills development, by trimester in which the first in-

utero rainfall shock occurred 

    PPVT IRT Math IRT CSE 

Age 5 1st trimester -0.151     

    (0.126)     

  2nd trimester -0.223*     

    (0.130)     

  3rd trimester -0.141     

    (0.123)     

Age 8 1st trimester -0.127 10.187   

    (0.139) (9.439)   

  2nd trimester -0.145 10.851   

    (0.130) (8.618)   

  3rd trimester -0.071 3.887   

    (0.131) (9.146)   

Age 12 1st trimester -0.110 -14.543 0.008 

    (0.140) (11.255) (0.154) 

  2nd trimester -0.087 -12.268 -0.012 

    (0.137) (8.862) (0.122) 

  3rd trimester -0.188 -13.961 -0.041 

    (0.123) (9.384) (0.123) 

Age 15 1st trimester -0.292 -18.510 -0.109 

    (0.191) (11.236) (0.152) 

  2nd trimester -0.103 -19.862** -0.050 

    (0.183) (9.785) (0.139) 

  3rd trimester -0.223 -23.095** -0.089 

    (0.166) (10.034) (0.129) 

Observations   1313 1697 1315 
Note: 1st trimester is the gestation period between week 0—12, 2nd trimester is week 

13 – 27, 3rd trimester is between week 28 – birth. All specifications control for 

child’s age in the specified round, gender, and caste, total number of shocks that 

occurred in-utero, year of birth fixed-effects, and community fixed-effects. Standard 

errors are clustered at the community level.  The sample is constrained to children 

of whom their skills scores are observed in every age. P-values to show if the 

estimate is statistically significant from zero is indicated by *p < 0.1, **p < 0.05, 

***p < 0.01. 

  

7 Falsification Tests 

One concern is that the negative effects of in-utero exposure to rainfall shocks on skills 

development may be confounded with omitted variables. To verify that this is not the case, we 

estimate the effects of shocks (of at least 1.5SD) occurring in each month before the child’s 

conception date up to 5 years (or 60 months), on children’s mathematics, PPVT, and CSE 

scores at age 15.   
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In Figure 2, each marker corresponds to the estimated parameter capturing the effect of 

the shock happening in each month before conception on the child’s skills score. If the results 

presented in the previous section were spurious and driven by omitted variables, the results in 

Figure 2 and those in the previous section should be similar. Overall, there is no such evidence. 

Only few coefficients are significant. For mathematics and PPVT, we can see that there is only 

one negative estimate, significant at the 5% level at about 8-9 months before the conception 

date, and the rest of the estimates are statistically insignificant. For CSE, there is one positive 

estimate and one negative estimate close to the 40th month before the conception date, 

significant at the 5% and 1% respectively. Results from a multiple hypothesis testing confirm 

that the few significant effects shown in Figure 2 are false rejections of the null hypothesis 

about the effect of the shocks on skills.23 

Figure 2: Estimates on exposure 0 to 5 years before conception on PPVT, Mathematics and 

CSE scores at age 15, by month 

 

Note: The estimated coefficients correspond to separated specifications on each of the three 

scores at age 15 for each month before conception, with the same controls specified in the 

baseline regression in Table 3, and clustered at the community level. The squares represent 

p-value at the 5% significance level, and the diamonds represent p-values at the 1% 

significance level. 

 
23 We calculated the Westfall-Young stepdown adjusted p-values, which control for the probability of making any 

Type I error (i.e., a false positive). Results are available upon request. 
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8 Discussion 

Differences in education, labour and social outcomes later in life can be originated at very early 

stages. In this paper, we analyse the importance of in-utero conditions for the formation and 

development of cognitive and non-cognitive skills in a sample of children and teenagers in 

India. More specifically we exploit variations in rainfall across geographic areas (community), 

months, and years of birth to identify the causal effect of shock in-utero on cognitive and non-

cognitive skills development throughout childhood and adolescence. Our results indicate that 

being exposed to rainfall shocks when in-utero, and particularly after the first trimester, are 

detrimental to children’s cognitive skills. We also provide new evidence that in-utero shocks 

reduce non-cognitive skills during adolescence.  

The effect of rainfall shocks on foetus development might happen through different 

mechanisms: food availability (quantity and quality of mother’s intakes), income (e.g., changes 

in labour demand), availability of health services (e.g., prenatal check-ups), psychological 

status (parental stress and anxiety), among others (Hoddinott, 2006; Maccini and Yang, 2009; 

Skoufias and Vinha, 2013; Aizer et al, 2016). Also, after birth, households might compensate 

and invest more in skills development if they perceived a child was negatively affected by a 

shock in-utero. Our results suggest that, regardless of any investment strategy the household 

might put in place, being exposed to a weather shock during the in-utero period has a negative 

long-lasting effect on skills. 

 A potential threat for identification in our analysis, as in previous similar studies, 

concerns the mortality of weak foetuses due to adverse weather conditions. In fact, to the extent 

that rainfall shocks increase foetal mortality, the population of new-borns included in our 

sample would include those who survived to the shock. If this were the case, the effect of the 

in-utero-shock would be underestimated (Andalon et al., 2016). While the magnitude of the 

potential bias cannot be established, we argue that our estimates would represent a lower bound 

of the real effect of rainfall shock in-utero. 

Moreover, the relatively reduced sample of YL might represent a limitation. For 

instance, it might be that the estimated statistically insignificant effects on cognitive and non-

cognitive skills are the product of a lack of power. However, the longitudinal feature of the YL 

data and the fact that it includes several measures of children’s skills represent an important 

advantage of this dataset in comparison to cross-sectional or administrative datasets with larger 

sample sizes. 
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Climate change and other negative shocks (e.g. pandemics) are likely to happen more 

often in the future. Given the importance of skills in determining educational, labour and social 

outcomes, and the importance of early skills development, policies should be designed to 

protect maternal welfare during pregnancy. This could be through cash or in-kind (e.g., food) 

transfers for mitigate the impacts of the shock on the household wealth but also offering 

psychological support to mothers who are dealing with the stress and anxiety caused by the 

shock during the delicate phase of pregnancy. 
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Appendix 

Table A1: Definitions of non-cognitive skill items used 

Agency: Individual’s sense of agency or mastery over his/her own life 

1) I have no choice about the work I do 

2) If I study hard, I will be rewarded with a better job in the future 

3) I like to make plans for my future studies and work  

4) Other people in my family make all the decisions about how I spend my time 

5) If I try hard, I can improve my situation in life 

 

Self-esteem (Rosenberg Scale): Individuals’ judgement of their own self-value or self-

worth 

1) I do lots of important things 

2) In general, I like being the way I am 

3) Overall, I have a lot to be proud of 

4) I can do things as well as most people 

5) Other people think I am a good person 

6) A lot of things about me are good 

7) I'm as good as most other people 

8) When I do something, I do it well 

 

Generalised Self-efficacy Scale: One’s belief in their capabilities to produce given 

attainments and to cope with adversity 

1) I can always manage to solve difficult problems if I try hard enough. 

2) If someone opposes me, I can find the means and ways to get what I want. 

3) It is easy for me to stick to my aims and accomplish my goals. 

4) I am confident that I could deal efficiently with unexpected events. 

5) Thanks to my resourcefulness, I know how to handle unforeseen situations. 

6) I can solve most problems if I invest the necessary effort. 

7) I can remain calm when facing difficulties because I can rely on my coping abilities. 

8) When I am confronted with a problem, I can usually find several solutions. 

9) If I am in trouble, I can usually think of a solution. 

10) I can usually handle whatever comes my way.  
Core Self-evaluation: Core self-evaluation is a trait that reflects an individual's evaluation 

of their abilities and own control (Judge et al., 1998). It is predicted from a principal factor 

analysis of the agency scale, self-esteem scale and generalised self-efficacy scale, all 

standardised to mean zero and standard deviation of one. 
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Figure A1. Date of birth distribution  
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Table A2. Maternal and household characteristics of children born or not in monsoon season  

 Born in monsoon Not born in 

monsoon 

T-test Obs. 

 Mean SE Mean SE p-value  

Mother's education        

   Incomplete primary or 

less 

0.72 0.02 0.71 0.01 0.565 1732 

   Completed primary &  

   up to completed 

secondary 

0.25 0.02 0.27 0.01 0.456 1732 

   Tertiary education and 

above 

0.02 0.01 0.02 0.00 0.638 1732  

Urban location  0.23 0.02 0.23 0.01 0.23 1732 

Mother's height 151.38 0.23 151.62 0.19 151.38 1717 

Mother's age (years) 24.11 0.18 23.51 0.13 24.11 1728 

Number of older siblings 0.72 0.04 0.73 0.03 0.72 1732 

Number of older sisters 0.51 0.04 0.52 0.03 0.86 1732 

Number of older brothers  0.45 0.04 0.47 0.03 0.79 1732 

Note: SE = Standard error. The sample is constrained to children whose background characteristics are 

observed, and at least one of their skills score (PPVT, mathematics or CSE) is measured in all rounds. The 

p-values for a t-test for differences in means between control group and the treated groups are reported in the 

second column. 

 


