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ABSTRACT 
 

Climate change has increased the prevalence and worsened the severity of adverse weather 

events around the world, demonstrated by more floods, droughts, and crop failures. According to 

the World Bank, natural disasters as a result of climate change disproportionately impact low- and 

middle-income countries. At a household level, natural disasters can generate potentially large 

shocks to family income and directly impact children’s wellbeing. Upon the realization of a shock, 

a household can respond by reducing consumption, utilizing savings and assets, or finding different 

sources of income. This paper examines the relationship between a household’s response to natural 

disasters and children’s educational outcomes, measured by test performance in multiple subjects.  

Using panel data collected between 2006 and 2013 from India as a part of the Young Lives: 

an International Study of Childhood Poverty project, this analysis estimates the differential impacts 

of exposure to various types of shocks and household responses on child educational achievement. 

This study utilizes an education production function model to estimate the relationship at both 

specific points in time and across years using fixed effects methodologies. The results do not show 

any consistently positive or negative effect of shock exposure or household response on child 

education outcomes over time. These findings suggest that there may be differential impacts of 

shocks and subsequent household responses by child age, shock severity, or child resilience, all of 

which offer relevant policy implications and opportunities for future research.  
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INTRODUCTION 

 Over the course of this thesis, the world as we knew it changed. A global pandemic, a one 

in a 100-year event, shook every part of the globe and fundamentally changed the way we live.  

We’ve seen highly varied responses from governments around the world, highlighting differences 

in capacity and values. Although we have yet to see the total effect, the initial impact of the shock 

has been swift, and households at all levels of the income distribution have been forced to act 

rapidly to protect their future livelihoods. In the wake of this global emergency, there has been a 

renewed focus and interest in how families, particularly children, will be impacted by and respond 

to the shock in the short- and long-run. The random and exogenous nature of the COVID-19 

pandemic sets up a context that is both important and relevant to this thesis, which analyzes a 

different set of random and exogenous shocks – natural disasters. With particular focus on the 

family unit and the child, this thesis seeks to understand whether various household responses to 

adverse climate shocks exacerbate or ameliorate the consequences of the natural disaster itself.  

Between 2000 and 2013, there was an average of approximately 350 natural disasters per 

year globally. This is over 40 percent higher than the annual average disaster prevalence between 

1994 and 2000 and more than double the annual value between 1980 and 1989 (CRED, 2015). 

Increased frequency of natural disasters, including droughts, extreme tropical storms, and flooding, 

has been largely attributed to changing climate patterns, in part due to human activity (U.S. 

Geological Survey). Due to rapid population growth and development, more of the global 

population is living in areas vulnerable to natural disasters than ever before.   

Natural disasters resulting from climate change cause an estimated $18 billion in annual 

damages in developing countries, primarily to infrastructure (World Bank, 2019). At a household 

and firm-level, climate change in the developing world is estimated to cost over $390 billion per 
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year in productivity losses and disruptions, most of which directly falls on the poor (World Bank, 

2019). On average, low-income countries experience over three times the number of deaths per 

disaster as compared to high-income countries (CRED, 2015). Globally, extreme disasters lead to 

increased poverty and a severe drop in consumption, estimated at over $500 billion annually 

(World Bank, 2019).  

Climate change also has significant negative downstream effects that make it difficult for 

developing countries to foster local economic growth and productivity gains. One such impact is 

on the accumulation and quality of human capital, as measured by educational attainment and 

achievement for youth living in areas increasingly threatened by natural disasters. China and India, 

home to 3.3 billion affected people and large youth populations, have been more exposed to 

disasters than anywhere else in the world (CRED, 2015). The analysis discussed in this thesis is 

focused on the Indian context, understanding how climate-related shock exposure and the 

subsequent household response impacts the educational journey of youth in India.  

 

BACKGROUND 

To better understand the impacts of climate change and the barriers to human capital 

accumulation in India, this section reviews the prevalence of natural disasters and the educational 

landscape in the country. I will also introduce the link between natural disasters and education 

outcomes, a well-established empirical relationship.  

Climate shocks in India 

Developing countries generally face higher costs of natural disasters – both financially and 

in terms of injuries and fatalities, partly due to poor infrastructure, constrained resources, and 

limited institutional capacity to respond to climate emergencies (Kousky, 2016). Some disaster 
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shocks, like flooding and droughts, can be particularly devastating to rural farming communities 

that rely on seasonal crop harvests for their livelihoods. In India, seventy percent of rural 

households depend on agriculture for work and subsistence, 82 percent of which are small farmers 

(UN Food and Agriculture Organization). In 2016, the agricultural sector made up 23 percent of 

the country’s GDP and employed close to 60% of the working population (World Trade 

Organization). The consequences of climate change to this sector include desertification, high 

stress on limited water resources, and land degradation (UN Food and Agriculture Organization). 

India’s population is also rising rapidly, causing many farmers to settle in areas that are prone to 

flooding, droughts, and cyclones. The Indian government has introduced various schemes to help 

farmers and the poor handle these adverse events, including emergency assistance, pest 

management and plant protection, and crop insurance, but low-quality prediction data is a limiting 

factor to their efforts (Government of India, 2011). 

As temperatures rise, climate-induced shocks to crops are also expected to rise, especially 

to cereal and starchy staple crops that make up a large portion of crops in India (Tigchelaar et al., 

2018). In addition to significantly reducing income for rural households, crop failures can 

negatively impact local markets and increase food prices. Environmental shocks from water 

scarcity and air pollution are also linked to reduced yields of nutritional, non-staple crops like 

vegetables and legumes (Scheelbeek et al., 2018). Child and adult malnutrition are already 

demonstrated problems in India, and climate change is scientifically proven to lower nutrient levels 

in rice, a staple food in much of the developing world (Zhu et al., 2018). This trend towards more 

frequent rain, droughts, and pests on crops is expected to decrease access to healthy food, 

threatening to make existing nutrient deficiencies even worse.  
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Educational attainment and achievement in India 

Since the early 1990s, India has made steady and significant progress in improving school 

enrollment numbers, with over 96 percent of students aged 6-14 enrolled in school annually since 

2010 (Annual Status of Education Report (ASER), 2018). Despite these gains in school 

participation rates, however, actual learning outcomes in India have remained very low. While the 

expected years of schooling for an average Indian student is 10.2 years, the learning-adjusted years 

of schooling for the same student is just 5.8 years, on average (World Bank Human Capital Index). 

This gap – between schooling and learning – is seen even more clearly in the index’s harmonized 

test score results, a metric based on international standardized tests. On a scale ranging from 300 

to 625, Indian students score an average of just 355 points (World Bank, 2018). This is staggering 

– even though most youth are in school, they are learning nowhere near the level they should be 

on global standards. Beyond test scores, the 2018 ASER reported that one in four Indian students 

leaves Grade 8 without basic reading skills. It also found that only 25 percent of Grade 3 students 

perform at grade level in literacy and numeracy, despite the national requirement to be proficient 

by Grade 2. 

School drop-outs are another challenge that has persisted for students after age 10. Grade 

survival statistics in India show a huge drop-off in enrollment after Grade 5, a trend that has 

become more pronounced since 2005 (World Bank, 2018). This high drop-out rate between 

primary and secondary school levels may be a lagged effect of an education system that does not 

work for most students, who continue to progress through grade levels without the ability to 

understand concepts or the necessary support to learn.  
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The consequences of natural disaster shocks on children’s education 

The educational challenges facing India today – measured by test scores and enrollment, 

as well as motivation and attitudes on the returns of schooling – can often be exacerbated by 

weather shocks, which are increasing due to climate change. In the wake of a natural disaster, 

especially those resulting in crop failure or reduced yields, households face a short-term financial 

constraint that they must respond to. In Peru, primary school children from households with 

borrowing constraints were more likely to drop out of school or repeat grades earlier than those 

from unconstrained households (Jacoby, 1994). Though this paper did not look specifically at 

natural disasters, it highlights the importance of household response to students’ educational 

attainment. Households maximize their well-being by smoothing consumption in the face of a 

shock to income. Constraints to borrowing in the short-term force households to respond 

differently to shocks – by working more, eating less, moving away, or taking their children out of 

school to enter the labor force (Kousky, 2016). 

Exposure to natural disasters has also been linked to symptoms of post-traumatic stress 

disorder (PTSD) in children. Apart from the direct experience a climate shock, many children are 

negatively affected by the stress induced in their home environment. These findings are relevant 

because mental health is also highly correlated with educational outcomes. Children in affected 

households may be less likely to attend school and more likely to be less motivated and distracted 

even if they attend school, and therefore may perform poorly academically. 

 

LITERATURE REVIEW 

The effects of natural disasters span all populations, but have disproportionate, 

concentrated negative impacts on people living in developing countries, most of whom are less 
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equipped to handle climate shocks due to many factors, including poverty, lack of access to basic 

resources, and low housing quality. Vulnerable groups like children are often even more adversely 

affected by climate shocks, specifically their physical health, mental health, and educational 

achievement, due to their reliance on caregivers and need for special care (Kousky, 2016). 

According to Save the Children, up to 175 million children were projected to have been impacted 

by natural disasters associated with climate change by 2018 (McDiarmid, 2008). From a human 

capital development perspective, this statistic is startling because of the increasingly large numbers 

of youth in developing countries that will make up the future global workforce. The consequences 

of natural disasters are not just short-term, especially if they have lagged effects on children’s 

abilities to learn and their perceptions of returns to human capital accumulation.  

The goal of this literature review is to discuss what research has been conducted on the 

intersection of natural disasters and children’s mental well-being and educational achievement. 

Opportunities for further research in this policy field and an explanation of the motivation for the 

chosen question is also discussed.  

Impact of natural disasters and conflict on children’s mental health 

Most developmental psychologists agree that child development has several contributing 

factors, including biological, psychological, and social factors. The impact of daily stressors, like 

poverty, loss of social support, displacement, death of family members, and lack of access to 

healthcare and schooling, on children’s psychosocial livelihood is well documented. These daily 

stressors are often exacerbated during times of war and natural disasters, especially for children, 

who may have difficulty seeing their caregivers or community members go through high stress 

(Kousky, 2016).  
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Much research has been conducted on the relationship between these disaster-related 

stressors and mental health or symptoms of PTSD, particularly for those exposed to armed conflict 

and emergencies (Barenbaum et al, 2004; Wessells and Monterio, 2006; Kalksma-Van Lith, 2007). 

A study of adults from Darfur living as refugees in Chad found that high PTSD and distress levels 

could mostly be explained as a result of daily stressors, like safety and access to resources, then 

from the lagged effect of violence they experienced previously (Rasmussen et al., 2010). In 

Afghanistan, poverty, family violence, and lack of access to schooling were found to be the main 

reasons for children’s poor mental health, as compared to exposure to other forms of violence (Al-

Krenawi et al., 2007). A study from Sri Lanka confirmed that youth exposed to the 2004 tsunami, 

prolonged civil war, and other related disasters had significantly higher levels of daily stress and 

much worse psychological outcomes and functioning than those who were less exposed (Fernando 

et al., 2010).  

Despite the fact that most major natural disasters have happened in non-Western countries, 

most of which are developing economies, the vast majority of research on natural disasters in non-

conflict zones has not focused on these target regions (Fernando et al., 2010). As a result, most of 

the literature lacks a regional or localized lens, not always taking into account children’s well-

being in the context of their culture (Fernando et al., 2010). Some examples come from the United 

States, after Hurricane Katrina in 2005, and Australia, after a large bushfire (Marsee, 2008; 

McFarlane, 1987). Both of these studies found that exposed children had higher rates of PTSD 

and, in some cases, aggression, than non-exposed children.  

Impact of children’s mental health on educational attitudes and outcomes 

Mental health of children is strongly linked to their learning outcomes and attitudes on 

education. In a longitudinal study of urban youth in the United States, students with low depressive 
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symptoms and minimal aggressive behaviors performed better in academic and social settings in 

elementary school than their peers in other risk categories (Valdez et al., 2011). Academically low-

performing students were also less likely to be accepted by their peers and more likely to be 

depressed, and made greater use of mental health services during adolescence.  

A study of over 17,000 primary school students in Chile found that mental health status in 

Grade 1 was correlated with performance in the Grade 4: students with identified mental health 

problems scored between 14 and 18 points lower on national achievement tests than their peers 

without identified mental health problems (Guzman et al., 2011). In addition, evidence from the 

United States shows that health assets (assessed by 14 metrics, including body mass index, diet, 

family environment, and mental health) were associated with at-level academic performance on 

standardized tests in reading, mathematics, and writing (Ickovics et al., 2013). A critical factor in 

the emotional well-being and subsequent educational achievement of adolescents in many different 

settings is poverty. More precisely, poverty lowers the emotional health of adolescents, which in 

turn strongly damages their educational achievement (Sznitman et al., 2010).  

Impact of children’s exposure to natural disasters on educational outcomes 

Natural disasters can also have a negative impact on schooling by reducing household 

wealth or causing physical destruction to school facilities, harming children physically or mentally 

to a point at which they cannot attend school or perform poorly (Kousky, 2016). Many schools in 

developing countries are not built to survive natural disasters, especially typhoons and cyclones. 

After the 2007 cyclone in Bangladesh, close to 500 schools were destroyed and over 2,000 were 

severely damaged (Kousky, 2016). 

In terms of school enrollment and drop-outs, natural disasters often cause households to 

substitute away from education and towards the labor market. Child participation in the labor force 
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in Nicaragua increased by close to 60 percent after a hurricane in 1998, and the rate of children 

who were both in school and working significantly increased (Baez & Santos, 2007). In Tanzania, 

school children aged 7-15 that experienced crop failure or a related agricultural shock were more 

likely to work and 20 percentage points less likely to attend school than those who did not 

experience a crop shock (Beegle et al., 2006). Similar findings come from a study on heavy rainfall 

in Cote d’Ivoire, where exposed youth were 20 percentage points less likely to be enrolled in 

school than non-exposed youth (Jensen, 2000).  

The evidence showing that exposure to natural disasters at a young age negatively impacts 

mental health suggests a negative relationship between disaster exposure and student learning. 

More directly, hurricane-induced income loss due was found to hurt student performance in 

Honduras: students whose families had less access to credit had lower scores than those with access 

to credit (Gitter & Barham, 2007). Utilizing longitudinal data from the Young Lives Survey, 

researchers found that exposure to natural disasters, including drought, flooding, erosion, and frost, 

lowered cognitive ability and school enrollment to varying degrees in India, Vietnam and Ethiopia 

(Nguyen & Pham, 2018). This thesis builds on Nguyen and Pham’s research, utilizing the Young 

Lives data to better understand the relationship between natural disaster response and educational 

outcomes in the Indian context.  

Discussion: The role of household response to shocks on children’s educational outcomes 

This thesis adds to the literature by examining the impact of a household’s response to a 

climate-related shock on their children’s future educational outcomes. The majority of past studies 

focus on the direct impact of natural disasters broadly on education outcomes. This analysis takes 

that question one step further, looking at the differential impacts of specific natural disasters, 

including droughts and crop failures, on educational achievement across several subjects. 
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Furthermore, this thesis examines the indirect impacts of natural disasters, as captured by 

household response. Given that not all households can respond to shocks in the same way, due to 

differences in a variety of household characteristics, we could reasonably expect that the impact 

of different responses on educational achievement could vary by child.   

Additionally, most studies estimate the short-run impacts of adverse climate events. This 

thesis takes into account both short- and long-run effects by estimating random and fixed effects 

models using panel data at different points in time. This method involves using individual rounds 

of data, as well as data aggregated over time, across rounds of data collection. This approach allows 

us to estimate if and how household response can impact a child’s educational achievement 

differently depending on their age. In part, this thesis seeks to understand whether effects of shocks 

and the ensuing household response change as a child grows older. This analysis may also offer 

insights on student resilience, specifically for shock-exposed children, and whether there are 

lagged effects of natural disasters on education. 

 

CONCEPTUAL MODEL 

The link between exposure to natural disasters and educational outcomes is well-

documented. Most research in this policy field focuses on the direct result of exposure to a climate 

shock on children’s physical, mental, and educational well-being. I hypothesize that this analysis 

will be in line with what has been found in the literature on the relationship between natural disaster 

shocks and educational achievement. I expect that children from households that have experienced 

an adverse climate shock will have lower educational outcomes than children that have not been 

shock-exposed in this analysis.  
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The primary channels through which shocks affect families and children’s well-being is 

through the loss of income, and in more severe cases, human lives and assets (e.g., property).  This 

thesis is focused on the role of household response to income lost in natural disasters in children’s 

educational journey – how different types of household responses, whether taking out a loan, 

buying cheaper foods, working more (and therefore having less caretaker presence), for example, 

impacts the way a child performs in school. I hypothesize that there is variation in the degree to 

which educational outcomes are lowered for children who have experienced a natural disaster, 

determined by the way their household responded to the shock. 

In response to a disaster, accessing credit mitigates some of the negative impacts of the 

shock because it allows the family to smooth consumption – these households are less likely to 

sacrifice in other areas (time at home, working hours, lower or accessing nutritious food) that could 

potentially further harm children’s educational outcomes or attitudes. In part, this may also be 

because households that do not have borrowing constraints may also have higher access to markets, 

greater wealth, or more education. Accessing credit also often requires official documentation, 

bank accounts, and steady sources of income, all of which are less likely to be characteristic of 

poor or rural households. If there are constraints to borrowing credit in the short-term, households 

may be forced to respond differently to shocks. This analysis classifies household responses into 

one of the following categories: assets and savings, liquidity, or consumption responses.  
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Figure 1. Conceptual Framework and Hypotheses 

 

I hypothesize that each response category will have a different impact on children’s 

education outcomes, as summarized in Figure I above. Specifically, liquidity-based household 

responses, like accessing credit or parents working more, are predicted to have the least negative 

impact on education outcomes for shock-exposed children. At the other extreme, consumption-

based responses that result in decreased expenditure on market goods and services will have the 

largest negative impact on children’s educational outcomes. Families with assets and savings 

responses, including the use of personal savings or selling household items, will have the next 

lowest negative impact on children’s educational outcomes in the short-run. Table A.1 in the 

Appendix details the theoretical and empirical underpinnings to support each of these hypotheses.  

 

DATA DESCRIPTION AND METHODS 

The data used in this thesis is from the Young Lives: an International Study of Childhood 

Poverty, collected by the U.K. Data Service. This is a longitudinal dataset following two cohorts 
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of children every 3 to 4 years from 2002 to 2016 in India, Ethiopia, Peru, and Vietnam. The 

project’s key objectives are to “improve the understanding of causes and consequences of 

childhood poverty and to inform and the development and implementation of future policies and 

practices that will reduce childhood poverty” (U.K. Data Service).  

This thesis uses Young Lives data from the eastern states of Andhra Pradesh and Telangana 

in India. A map of the location of interest is shown in Appendix Figure A.1. As a part of the Young 

Lives research project in India, 1,000 children were sampled for the older cohort (aged 7.5 to 8.5 

years old at the start of the study) and 2,000 children were sampled for the younger cohort (aged 

6 to 18 months old at the start of the study). The sampling methodology in the datasets of interest 

included multi-stage, random sampling and the data are considered to be nationally representative. 

The individuals and their households within each cohort were visited five times, comprising five 

rounds of data collection. As such, the data are organized by the round or year in which the 

information is collected. This analysis utilizes child- and household-level data for children in the 

younger cohort from Rounds 2, 3, and 4, data collected in 2006, 2009, and 2012-2013, respectively. 

In Round 2, children in the cohort of interest are between 4.5 to 5.5 years old. In Round 3, children 

in the cohort of interest are between 7.5 and 8.5 years old. In Round 4, children in the cohort of 

interest are between 10.5 and 11.5 years old. There is little attrition across the rounds of this 

dataset, measured at approximately 1.5 percent. 

The key independent variables of interest include both shock exposure and household 

response to shocks. The shock exposure indicator variables tell us whether or not a household is 

exposed to a general natural disaster shock, a drought shock, or a crop failure shock. The household 

response indicator variables tell us whether a household responds through use of assets and 
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savings, liquidity, or consumption. The various household responses in the dataset are listed in 

Appendix Table A.2.  

The primary dependent variables of interest are student test scores (Rounds 2 and 3) and 

percentage correct (Round 4) on various academic tests, including the Peabody Picture Vocabulary 

Test (PPVT), cognitive development assessment (CDA), and math tests. The PPVT is a test 

designed for all ages that measures both listening and comprehension of single-word vocabulary 

using both verbal and non-verbal assessment mechanisms. The CDA is similar to an Intelligence 

Quotient (IQ) test, and measures children’s cognitive ability on a variety of dimensions including 

verbal comprehension, visual-spatial understanding, fluid reasoning, working memory, and 

processing speed. The math tests used in this analysis are at grade-level, and questions asked vary 

across rounds of data collection. All test scores used this in the analysis are standardized using the 

Rasch method, which removes observations with poor psychometric results and uses Item 

Response Theory to account for individual child abilities and question difficulty. In Round 2, the 

raw scores were converted to Rasch scores by standardizing all scores to have an approximate 

mean of 300 and a standard deviation of 50. In Round 3, the Rasch scores were standardized to an 

approximate mean of 300 and a standard deviation of 15. There are no Rasch scores available in 

the Round 4 data, so this analysis will instead use each child’s measured percentage correct on 

educational tests. Other relevant independent variables that will be used in this analysis as controls 

are discussed in the following section and are listed in Appendix Table A.3.  

Initial Descriptive Statistics  

 The primary exploratory analysis of Round 2 data provides a starting point for this thesis. 

Basic descriptive statistics are shown in Table 1. We see that the majority of households in the 

dataset, approximately 71 percent, are living in rural areas and consume about Rs. 2,500 worth of 



 15 

food and non-food items per month. Most children are enrolled in pre-school or formal school, but 

average PPVT and CDA scores are relatively low. In terms of shock exposure, approximately 29 

percent of households report experiencing a shock, 21 percent report a drought, and 10 percent 

report crop failure. Most shock-exposed households in this data respond in a liquidity-based way.  

Table 1: Round 2 – Simple Descriptive Statistics 
 

 
Mean Standard 

Deviation Minimum Maximum Number of 
Observations 

Demographic Characteristics 
Female 0.47 0.50 0 1 1708 

Rural 0.71 0.45 0 1 1708 
Coastal Andhra 0.37 0.48 0 1 1708 

Telangana 0.34 0.47 0 1 1708 
Livelihoods Indicators 

Wealth Index 0.47 0.20 0.01 0.95 1707 
Housing Quality Index  0.55 0.28 0 1 1707 

Access to Services Index 0.63 0.26 0 1 1708 
Consumer Durables Index 0.23 0.19 0 1 1708 

Child Body Mass Index 13.84 1.24 5.22 28.28 1701 
Household Monthly 

Consumption 2522.40 2396.63 125 34378.33 1708 

Educational Outcomes 
Pre-School Enrollment  0.87 0.34 0 1 1708 

Formal School Enrollment 0.44 0.50 0 1 1708 
Rasch Score in PPVT 301.39 50.63 181.05 470.92 1456 
Rasch Score in CDA 300.90 49.41 81 441.33 1611 

Shock Exposure & Household Response Variables 
Shock Exposure 0.29 0.45 0 1 1708 

Drought Exposure 0.21 0.41 0 1 1708 
Crop Failure Exposure 0.10 0.30 0 1 1708 

Assets, Savings Response 0.04 0.19 0 1 1708 
Liquidity Response 0.22 0.42 0 1 1708 

Consumption Response 0.04 0.20 0 1 1708 
 

 Table 2 below breaks down the initial descriptive statistics into two groups of households 

based on their shock-exposure status. We find that the vast majority, or 97 percent, of shock-
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exposed households live in rural areas, as compared to 60 percent of non-exposed households. We 

also see that shock-exposed households have lower wealth, housing quality, access to services, 

and consumer durables than non-exposed households, on average. Shock-exposed households also 

consume an average of Rs. 500 less than non-exposed households per month. At a child level, we 

see that shock-exposed children score anywhere between 5 and 15 points lower on the PPVT and 

CDA, on average, as compared to their non-exposed peers. There is very little difference, however, 

across the two groups in terms of child body mass index, and actually find that shock-exposed 

children are more likely to be enrolled in formal school than non-exposed children.  

Table 2: Round 2 – Shock vs. Non-Shock Exposed Households, Descriptive Statistics 
 

 
Number of 
Observations Mean Standard 

Deviation Minimum Maximum 

Non-Shock Exposed Households  
Demographic Characteristics and Livelihood Indicators 

Female 1210 0.48 0.50 0 1 
Rural 1210 0.60 0.49 0 1 

Wealth Index 1209 0.52 0.20 0 1 
Housing Quality Index  1209 0.60 0.27 0 1 

Access to Services Index 1210 0.68 0.27 0 1 
Consumer Durables Index 1210 0.27 0.20 0 1 

Child Body Mass Index 1204 13.85 1.26 5.22 28.28 
Household Monthly 

Consumption 1210 2558.73 2511.47 125 34378.33 

Educational Outcomes 
Pre-School Enrollment  1059 0.61 0.49 0 1 

Formal School Enrollment 1210 0.42 0.49 0 1 
Rasch Score in PPVT 1033 305.46 52.90 181 470.92 
Rasch Score in CDA 1123 302.17 50.69 81 441.33 
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Table 2 (continued) 
 

Shock-Exposed Households  
Demographic Characteristics and Livelihood Indicators 

Female 498 0.46 0.50 0 1 
Rural 498 0.97 0.16 0 1 

Wealth Index 498 0.36 0.15 0 0.82 
Housing Quality Index  498 0.43 0.26 0 0.92 

Access to Services Index 498 0.49 0.17 0 1 
Consumer Durables Index 498 0.15 0.15 0 0.78 

Child Body Mass Index 497 13.82 1.21 5.86 21.15 
Household Monthly 

Consumption 498 2433.97 2091.22 472 24807.17 

Educational Outcomes 
Pre-School Enrollment  424 0.49 0.50 0 1 

Formal School Enrollment 498 0.50 0.50 0 1 
Rasch Score in PPVT 423 291.44 43.08 181 445.73 
Rasch Score in CDA 488 297.98 46.23 81 431.30 

 
 
 Initial exploratory analysis of the Round 3 and Round 4 datasets leads to similar findings. 

Overall, shock-exposed households are poorer and more rural, on average, than non-exposed 

households. We do not find any major differences in school enrollment rates across groups; 

however, shock-exposed children do perform slightly worse on PPVT and math tests than non-

exposed children in both rounds, on average. As compared to the Round 2 data presented above, 

data from Rounds 3 and 4 include many more reported households experiencing crop failure. In 

Round 3, 31 percent of shock-exposed households report experiencing a crop failure, and in Round 

4, crop failure households make up approximately 17 percent of shock-exposed households. This 

preliminary analysis of the relevant data was useful in informing the following empirical approach. 

All variables listed in the descriptive tables are included as control variables in this thesis. 

Additional tables with descriptive statistics for Rounds 3 and 4 data are included in the Appendix 

Tables A.4 through A.7. 
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Empirical Approach 

The proposed model takes the form of an education production function, in which a child’s 

education outcome is the dependent variable of interest and their household’s response to a natural 

disaster shock is the key independent variable. Outside of shock exposure, there are a variety of 

observable child- and household-level factors that may impact a student’s educational outcomes. 

To avoid omitted variable bias and estimate the isolated effect of household response on 

educational outcomes, these covariates are included in the model as controls. Appendix Figure A.2 

shows a simplified model categorizing these variables by their relevance.   

Education Production Function 

Let 𝑦"#$  be educational outcomes of student i, in household h, at time t. Consider 

education as the outcome of a production process, with background inputs 𝑋"#$ ; shock 

exposure status 𝑆"#$ ; and household response to shock 𝐷(#$) , where R refers to one of the 

following response categories: assets and savings (𝐷(#$* ), liquidity (𝐷(#$+ ), or consumption 

(𝐷(#$- ). A student with underlying ability 𝐴"  will thus have education outcomes given by: 

 
𝑦"#$ = 𝑭[𝑋"#$ , 𝑆"$ , 𝐷(#$) ; 𝐴"]		                 (1) 

 
Model of Interest 

The basic estimation will take the form: 

𝑦"#$ = 𝛼 + 𝑋"#$𝛽 + 𝑆"$𝛾 + ∑ 𝛿)𝐷(#$)<
)=> +𝜀"#$     (2) 

 
𝐷(#$* = 1	𝑖𝑓	𝑎𝑠𝑠𝑒𝑡𝑠	𝑎𝑛𝑑	𝑠𝑎𝑣𝑖𝑛𝑔𝑠	𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒

𝐷(#$* = 0	𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
Q 

 
𝐷(#$+ = 1	𝑖𝑓	𝑙𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦	𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒

𝐷(#$+ = 0	𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
Q 

 
𝐷(#$- = 1	𝑖𝑓	𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛	𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒

𝐷(#$- = 0	𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
Q 
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 The above OLS regression model is first estimated separately for each round using shock 

exposure and education outcomes. These initial specifications are used to test the first hypothesis 

presented in this thesis – whether shock-exposed children perform worse in school than non-shock 

exposed children at various ages. This analysis is extended to assess whether there is a differential 

impact of exposure to droughts or crop failures in particular on education outcomes, given that a 

large proportion of the households in this sample have reported experiencing these shocks, as 

shown in the previous section. Two educational subjects and tests are measured for each individual 

round, totaling to six specifications per round of data collection.  

 Conditional on a household experiencing a shock, the second set of regressions control for 

different measures of the household response. As shown in the model above, each response 

category is represented by an indicator variable and every estimation omits one of the three 

response categories to use as a comparison group. As such, these specifications estimate the 

marginal effect of each included response category relative to the omitted category on education 

outcomes. Given that only the first reported response to a shock is taken into consideration in this 

analysis, all response categories are mutually exclusive, implying that each household can only 

fall under one category per round of data collection. Implications of only considering specific 

household shocks will be discussed further in the following section.  

 To address the concern that unobserved heterogeneity across households and children may 

bias the results, the final models are estimated using combined data from Rounds 2 and 3.  The 

fixed effects estimator removes all variation in test scores between children and identifies the 

impact using the change in test scores for each student across rounds. In practice, the fixed effects 

model is estimated using two approaches: including child fixed effects and estimating the model 

using the change in test score and in exposure over time.  
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RESULTS AND DISCUSSION 

The results of this analysis are presented in several ways. Firstly, they are displayed by 

individual rounds of data collection to gain insight on the impact of natural disaster shock exposure 

and household response to shocks on children’s test performance as they get older. The educational 

outcomes reported vary slightly across rounds and include PPVT, CDA, and math test scores. 

Secondly, results for Rounds 2 and 3 are presented jointly. The use of this panel data allows the 

estimation of fixed effects models, implemented to calculate within estimators and first 

differences. As discussed previously, fixed effects specifications control for omitted variable bias 

from unobserved heterogeneities when they are constant across time periods. The within estimator 

uses differencing to remove heterogeneity over time by subtracting the average value of the 

outcome of interest at the child level. The first differencing approach, an alternative method to 

calculating within estimators, removes constant time effects by estimating a regression between 

the change in the outcome variable over time on the change in the dependent variable over time. 

Conceptually, these two fixed effects methods are identical. Logistically, we expect that both 

methods will estimate the same approximate results.  

The discussion of results as follows will start with initial specifications between simple 

shock exposure, including the differential impact of droughts and crop failures specifically, and 

educational outcomes. Next, we will focus on impacts of each household response category, 

measured as the marginal effects of each category – assets and savings, liquidity, and consumption 

responses – on test scores. Finally, the fixed effects regression results will be presented.  

We view Round 2, data collected in 2006 when the children were 4.5 to 5.5 years old, as a 

transitional year. Though shock exposure and subsequent household response could have affected 

children’s education outcomes at this age, it is unlikely that all children have started school and 
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are performing well at this time. The educational transition from staying home to starting school 

may not be the same for all students, since some have attended preschool or creche prior to 

attending primary school. As such, the impact of the educational transition on their academic 

performance may vary. It is not expected that the effect on the children in Round 2 will be as large 

as the effect measured in Rounds 3 and 4, but there may be an intermediate effect captured. This 

may also impact the fixed effects results. However, due to differences in the dependent variable of 

interest, Round 4 data could not be included to mitigate any transitional effects.  

Household Shock Exposure and Child Educational Performance 

 The Round 2 initial regression results, presented in Table 3 below, demonstrate that there 

is no meaningful or statistically significant relationship between exposure to natural disaster 

shocks generally, or more specifically droughts and crop failures, and PPVT scores. However, we 

do find a positive and significant impact of shock exposure broadly on children’s CDA test 

performance – Specification 1 of Panel B below shows an approximate 6 point difference between 

students. This is in contrast to the hypothesized relationship, in which we would expect that 

children who are exposed to shocks would perform worse than non-exposed children in school. 
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Table 3: Round 2 – Shock Exposure on Rasch Test Scores 

 (1) 
Any Shock 

(2) 
Drought 

(3) 
All Shocks 

Panel A: Shock Exposure on PPVT Rasch Scores 
Shock Exposure 4.501 3.161 1.608 
 (3.019) (4.546) (5.416) 
    

Drought Exposure  2.000 2.856 
  (5.069) (5.324) 
    

Crop Failure Exposure   2.650 
   (5.018) 
    

Female -2.962 -3.066 -2.999 
 (2.621) (2.624) (2.625) 
    

Rural -13.76*** -13.73*** -13.77*** 
 (3.561) (3.527) (3.564) 
    

Coastal Andhra 21.33*** 21.61*** 21.51*** 
 (3.172) (3.250) (3.256) 
    

Telangana -0.848 -0.626 -0.662 
 (3.208) (3.258) (3.259) 
    

Monthly Consumption, 0.102** 0.102** 0.101** 
in thousands of rupees (0.0432) (0.0432) (0.0432) 
    

Wealth Index 48.96*** 49.01*** 49.08*** 
 (8.538) (8.541) (8.544) 
    

Body Mass Index 2.901 2.813 2.748 
(BMI) (5.008) (5.014) (5.017) 
    

BMI Z-Score -3.126 -3.008 -2.916 
 (6.061) (6.070) (6.074) 
    

Child Age, in months 1.812*** 1.814*** 1.821*** 
 (0.322) (0.322) (0.323) 
    

Constant 115.7 116.7 117.3 
 (77.41) (77.48) (77.43) 
Observations 1452 1452 1452 
Adjusted R2 0.148 0.147 0.147 
 

Panel B: Shock Exposure on CDA Rasch Test Scores 
 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
a The control variables included in Panel B are the same as those included in Panel A: Female, Rural, Coastal Andhra, Telangana, Monthly Consumption 
(in current rupees), Wealth Index, Body Mass Index (BMI), BMI Z-Score, and Child Age (in months).    

Shock Exposure 6.637** 4.333 2.383 
 (2.877) (4.404) (5.237) 
    

Drought Exposure  3.367 4.499 
  (4.871) (5.142) 
    

Crop Failure Exposure   3.286 
   (4.775) 
    

Constant 68.47 71.49 72.45 
 (103.9) (104.0) (104.0) 
Observations 1606 1606 1606 
Adjusted R2 0.084 0.083 0.083 
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 As hypothesized, Round 3 results from initial regressions between shock exposure and 

scores are slightly different from those of Round 2. The magnitude and direction of the relationship 

between these variables, however, are once again not aligned with the initial hypothesis. The 

results on PPVT scores, shown in Panel A of Table 4, demonstrate that there is a positive, large, 

and statistically significant impact of drought exposure on scores. This implies that drought-

exposed children score an average of 6 Rasch points higher than generally shock-exposed children.  

Table 4: Round 3 – Shock Exposure on Rasch Test Scores 
 

 (1) 
Any Shock 

(2) 
Drought 

(3) 
All Shocks 

Panel A: Shock Exposure on PPVT Rasch Scores 

Shock Exposure 0.879 -0.689 -2.496 
 (0.806) (0.888) (1.583) 
    

Drought Exposure  6.012*** 6.193*** 
  (1.459) (1.585) 
    

Crop Failure Exposure   3.712** 
   (1.555) 
    

Constant 238.6*** 239.5*** 180.4*** 
 (12.56) (12.50) (26.04) 
Observations 1517 1517 910 
Adjusted R2 0.247 0.255 0.277 
 
 

Panel B: Shock Exposure on Math Rasch Scores 
 

 

 
 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
a The control variables included in the above specifications are: Female, Rural, Coastal Andhra, Telangana, Monthly Consumption (in current rupees), 
Wealth Index, Body Mass Index (BMI), BMI Z-Score, and Child Age (in months).    

 

The positive effect of droughts is also found once crop failure exposure is included in the 

model, shown in Specification 3 above. Students exposed to crop failure score an approximate 3.7 

Shock Exposure 1.347* 0.347 -1.191 
 (0.773) (0.854) (1.636) 
    

Drought Exposure  3.887*** 3.904** 
  (1.417) (1.652) 
    

Crop Failure Exposure   1.481 
   (1.606) 
    

Constant 217.3*** 217.8*** 207.3*** 
 (11.52) (11.51) (24.04) 
Observations 1827 1827 1024 
Adjusted R2 0.228 0.231 0.264 
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points higher than those not exposed to crop failure. The coefficients on drought and crop failure 

exposure are interpreted as differential effects of these specific shocks, in addition to the general 

effect the child experiences from being shock-exposed. We find a similar, smaller effect of drought 

exposure on math scores. This difference in magnitude across tests but for the same group of 

students highlights an important point – the impact of shock exposure, or drought exposure in this 

case, on educational outcomes can vary by subject.  

 The regression results based on Round 4 data, collected when children were between 10.5 

and 11.5 years old, are reported in Table 5. As they get older, children exposed to shocks perform 

slightly better on PPVT and math tests than their non-exposed peers, on average. These results are 

shown in Specifications 1 and 2 of Panel A and Specification 3 of Panel B. Another interesting 

finding from these results is from the third specification in Panel B, measuring the impact of crop 

failure exposure. In line with the initial hypothesized relationship between shock exposure and 

educational outcomes, we find that students who have experienced a crop failure in particular 

perform worse in math than their peers who experience different shocks (e.g. floods, erosion, pests 

on crops or livestock). This negative effect is not found in PPVT performance. However, Panel B 

suggests that crop failures have an additional impact on students beyond the average effect of 

shocks. Similar to Round 3, we find a sustained positive impact of drought exposure on PPVT 

performance, but not on math performance.  

Note that these findings are not directly comparable to those found in previous rounds 

because performance is measured differently, as the percentage correct on tests rather than a 

standardized score.  Nonetheless, the results do confirm the idea that the impact of shocks differs 

across educational subjects. Additionally, we see that the differential impact of shock exposure 
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varies in magnitude and direction depending on the type of shock – drought and crop failure have 

seemingly opposite impacts on children in this round. 

Table 5: Round 4 – Shock Exposure on Test Percentage Correct 
 

 (1) 
Any Shock 

(2) 
Drought 

(3) 
All Shocks 

Panel A: Shock Exposure on PPVT Percentage Correct 

Shock Exposure 1.190* 0.271 1.532 
 (0.677) (0.748) (1.277) 
    

Drought Exposure  3.658*** 2.394 
  (1.276) (1.645) 
    

Crop Failure Exposure   -1.740 
   (1.428) 
    

Constant 29.58** 30.07*** 30.33* 
 (11.79) (11.76) (11.77) 
Observations 1803 1803 1803 
Adjusted R2 0.107 0.110 0.111 

 

 

 

 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
a The control variables included in the above specifications are: Female, Monthly Consumption (in current rupees), Wealth Index, Body Mass Index (BMI), 
BMI Z-Score, and Child Age (in months).    

 

Household Response to Shocks and Child Educational Performance 

 As shown in Table 6 below, there is no significant marginal impact of the assets and savings 

or liquidity response categories on PPVT or CDA scores for children in Round 2. The coefficients 

presented in each specification are marginal effects of each response category reported relative to 

the omitted category. In Specification 2 of Panel A, we find a positive and statistically significant 

coefficient for households who respond to shocks with a decline in consumption – this implies that 

 

Panel B: Shock Exposure on Math Test Percentage Correct 
 

Shock Exposure 0.749 0.349 5.299** 
 (1.116) (1.236) (2.113) 
    

Drought Exposure  1.582 -3.382 
  (2.105) (2.715) 
    

Crop Failure Exposure   -6.827*** 
   (2.365) 
    

Constant -18.39 -18.17 -16.98 
 (19.40) (19.41) (19.37) 
Observations 1760 1760 1760 
Adjusted R2 0.129 0.128 0.132 



 26 

relative to children from households that respond with a liquidity-based response, children from 

households that decrease consumption perform 10.8 points higher on the PPVT, on average. We 

do not find this impact in any other specification, including those on CDA scores. One explanation 

of these results could be related to the severity of shock – if shocks are very severe, households 

may be more constrained in accessing credit or increasing working hours. This potential 

explanation will be discussed further in the following section. 

Table 6: Round 2 – Household Response on Rasch Test Scores 
 

 (1) 
Assets, Savings  
and Liquidity 

(2) 
Assets, Savings  

and Consumption 

(3) 
Liquidity  

and Consumption 
 

 

Panel A: Household Response on PPVT Rasch Scores 
 

Assets, Savings -2.229 6.342  
 (8.807) (7.191)  
    

Liquidity  -9.309  -4.984 
 (6.754)  (6.895) 
    

Consumption   10.80* 6.493 
  (6.551) (8.189) 
    

Constant 116.4 119.5 118.2 
 (77.50) (77.49) (77.51) 
Observations 1452 1452 1452 
Adjusted R2 0.147 0.148 0.147   

  Panel B: Household Response on CDA Rasch Scores 
 

Assets, Savings 8.473 6.151  
 (7.623) (6.306)  
    

Liquidity  2.419  -6.325 
 (6.220)  (6.315) 
    

Consumption   -4.495 -9.927 
  (6.310) (7.743) 
    

Constant 70.98 68.84 66.44 
 (104.0) (104.1) (104.1) 
Observations 1606 1606 1606 
Adjusted R2 0.083 0.083 0.083 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
a Shock exposure, drought exposure, and crop failure exposure were included in the above specifications. 
b Other control variables included in the above specifications are: Female, Monthly Consumption (in current rupees), Wealth Index, Body Mass Index 
(BMI), BMI Z-Score, and Child Age (in months).    
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 In contrast to the Round 2 results discussed previously, consumption-based responses to 

shocks have a large negative and statistically significant impact on the educational outcomes for 

the same children in Round 3, when they are between 7.5 and 8.5 years old. As shown in 

Specification 3 in both Panels A and B of Table 7, children from households who respond to a 

shock with a decline in consumption perform between 3 and 4 points lower on the PPVT and CDA, 

on average, relative to other response categories. This difference between Round 2 and Round 3 

may be because of the age factor – children may be more impacted by household activities at an 

older age than they were at younger ages. 

 Other regression results from Round 3 fall in line with the hypothesized relationship 

between household response and educational outcomes. In Specification 1 across Panels A and B, 

we find that shock-exposed children from households that respond to the shock by utilizing their 

own assets and savings have larger and statistically significant test scores relative to students from 

households with consumption responses. The marginal impact of the assets and savings response 

category relative to the consumption category is approximately 9.18 points higher for PPVT 

scores, and 5.16 points higher for math scores. Specification 2 also confirms that the assets and 

savings response category is linked to higher PPVT scores for children relative to those with a 

liquidity-based response. However, across both tests, children from households in the liquidity 

response category score higher than those from consumption households. There is no statistically 

significant evidence that liquidity-based responses are linked to higher scores relative to assets and 

savings responses.  
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Table 7: Round 3 – Household Response on Rasch Test Scores 
 

 (1) 
Assets, Savings  
and Liquidity 

(2) 
Assets, Savings  

and Consumption 

(3) 
Liquidity  

and Consumption 

Panel A: Household Response on PPVT Rasch Scores 

Assets, Savings 9.181*** 7.007***  
 (2.345) (2.266)  
    

Liquidity  4.095**  0.0580 
 (1.727)  (1.978) 
    

Consumption   -3.565* -4.271* 
  (1.857) (2.201) 
    

Shock Exposure -6.139*** -2.750* -1.876 
 (1.975) (1.625) (2.153) 
    

Drought Exposure 6.335*** 7.133*** 7.121*** 
 (1.573) (1.624) (1.659) 
    

Crop Failure Exposure 3.031* 3.644** 3.417** 
 (1.585) (1.550) (1.597) 
    

Constant 181.5*** 178.2*** 179.3*** 
 (25.85) (25.86) (26.05) 
Observations 910 910 910 
Adjusted R2 0.289 0.288 0.280 

Panel B: Household Response on Math Test Rasch Scores 

Assets, Savings 5.168** 3.202  
 (2.335) (2.222)  
    

Liquidity  3.211*  -0.0609 
 (1.770)  (1.972) 
    

Consumption   -3.899** -4.292* 
  (1.932) (2.261) 
    

Shock Exposure -3.860* -1.022 -0.557 
 (2.060) (1.679) (2.191) 
    

Drought Exposure 3.974** 4.837*** 4.858*** 
 (1.650) (1.702) (1.728) 
    

Crop Failure Exposure 0.909 1.324 1.278 
 (1.639) (1.605) (1.640) 
    

Constant 208.3*** 206.1*** 206.3*** 
 (24.01) (23.99) (24.04) 
Observations 1024 1024 1024 
Adjusted R2 0.267 0.268 0.266 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
a The control variables included in the above specifications are: Female, Rural, Coastal Andhra, Telangana, Monthly Consumption (in current rupees), 
Wealth Index, Body Mass Index (BMI), BMI Z-Score, and Child Age (in months).    
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 As shown in Table 8 below, Round 4 regression results are in line with the results discussed 

in Round 2, even though children are now approximately six years older. There is no statistically 

significant impact of any household response category on children’s PPVT performance.  

Table 8: Round 4 – Household Response on Test Percentage Correct 
 

 (1) 
Assets, Savings  
and Liquidity 

(2) 
Assets, Savings  

and Consumption 

(3) 
Liquidity  

and Consumption 
 

Panel A: Household Response on PPVT Percentage Correct 
 

Assets, Savings -2.977 -3.333  
 (2.071) (2.053)  
    

Liquidity  0.609  1.164 
 (1.188)  (1.262) 
    

Consumption   -0.436 0.507 
  (1.372) (1.472) 
    

Shock Exposure 1.546 1.931 0.937 
 (1.387) (1.344) (1.476) 
    

Drought Exposure 2.568 2.517 2.546 
 (1.658) (1.654) (1.661) 
    

Crop Failure Exposure -1.823 -1.848 -1.740 
 (1.429) (1.437) (1.436) 
    

Constant 29.41** 29.44** 30.08** 
 (11.77) (11.77) (11.77) 
Observations 1803 1803 1803 
Adjusted R2 0.111 0.111 0.110 
 

Panel B: Household Response on Math Test Percentage Correct 
 

Assets, Savings -5.184 -3.405  
 (3.409) (3.373)  
    

Liquidity  -1.052  1.766 
 (1.961)  (2.080) 
    

Consumption   5.066** 6.301** 
  (2.265) (2.428) 
    

Shock Exposure 6.153*** 4.326* 3.015 
 (2.302) (2.211) (2.442) 
    

Drought Exposure -3.436 -3.955 -3.876 
 (2.740) (2.732) (2.741) 
    

Crop Failure Exposure -6.855*** -6.375*** -6.263*** 
 (2.366) (2.373) (2.372) 
    

Constant -18.14 -17.77 -17.27 
 (19.39) (19.37) (19.35) 
Observations 1760 1760 1760 
Adjusted R2 0.132 0.135 0.134 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
a The control variables included in the above specifications are: Female, Monthly Consumption (in current rupees), Wealth Index, Body Mass Index (BMI), 
BMI Z-Score, and Child Age (in months).    
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There does seem to be a significant and large positive impact of consumption responses on 

children’s math performance, relative to other response categories. Compared to shock-exposed 

children from households with a liquidity response, children from households that lower 

consumption in response to a shock perform approximately 5.06 percentage points better on math 

tests, on average. Relative to assets and savings responses, children from households that lower 

consumption in response to a shock perform approximately 6.3 percentage points better on math 

tests, on average. This is in contrast to results from Round 3, and also demonstrates that the 

marginal effects of response categories vary across subjects.  

Fixed Effects 

 As discussed previously, the fixed effects model takes into account data from Rounds 2 

and 3, measuring educational outcomes over time linked to changes in shock exposure and 

household responses and holding fixed all other control variables used in previous regressions. 

The model is estimated using two separate methodologies: within estimators and first differences. 

The key dependent variable of interest across all specifications is the PPVT Rasch Score, although 

the measurement and interpretation of the coefficients presented will vary slightly by 

methodology.  

 Results from the within estimators for shock, drought, and crop failure household exposure 

on PPVT Rasch scores are presented in Table 9. The independent variables of interest capturing 

the different shock exposures are calculated for each child as the difference between the child’s 

value and the average of the original variable for all children within the group. There is no 

statistically significant impact of any type of shock exposure on PPVT scores.  
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Table 9: Within Estimator, Shock Exposure on PPVT Rasch Scores1 
 

 (1) 
Any Shock 

(2) 
Drought 

(3) 
Crop Failure 

Star Shock Exposure1 -0.690 0.547 -2.171 
 (1.414) (1.667) (1.689) 
    

Star Drought Exposure1  -2.733  
  (1.952)  
    

Star Crop Failure    3.153 
Exposure1   (1.967) 
    

Round Two  -12.60*** -12.29*** -12.36*** 
 (2.904) (2.912) (2.907) 
    

Female 0.557 0.567 0.556 
 (0.716) (0.716) (0.715) 
    

Rural 3.585*** 3.592*** 3.600*** 
 (0.989) (0.989) (0.989) 
    

Coastal Andhra 0.389 0.395 0.407 
 (0.856) (0.856) (0.856) 
    

Telangana 2.899*** 2.909*** 2.922*** 
 (0.887) (0.887) (0.887) 
    

Monthly Consumption, -0.037*** -0.037*** -0.037*** 
in thousands of rupees (0.0114) (0.0114) (0.0114) 
    

Wealth Index 2.756 2.677 2.754 
 (2.371) (2.371) (2.370) 
    

Body Mass Index (BMI) -0.266 -0.215 -0.248 
 (0.846) (0.847) (0.846) 
    

BMI Z-Score -0.802 -0.866 -0.822 
 (1.096) (1.097) (1.096) 
    

Child Age, in months -0.240*** -0.240*** -0.241*** 
 (0.0913) (0.0913) (0.0912) 
    

Household Size 0.366** 0.366** 0.359** 
 (0.181) (0.181) (0.181) 
    

Strong Student 17.34*** 17.36*** 17.32*** 
 (0.849) (0.849) (0.849) 
    

Constant 18.16 17.28 17.84 
 (15.06) (15.07) (15.06) 
Observations 2969 2969 2969 
Adjusted R2 0.128 0.129 0.129 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
1 These variables are calculated as the difference between the child’s value and the mean value of the original variable. 

 

 The second methodology, the results of which are reported in Table 10, uses first 

differencing to measure shock exposure using a one period lag modifier to equal the change in the 
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original shock exposure variable across time periods. Using this method, we find a positive and 

highly significant effect of drought exposure on children’s PPVT Rasch score, shown in 

Specification 2. There are no other statistically significant relationships between types of shock 

exposure and test scores reported.  

Table 10: First Differencing, Shock Exposure on PPVT Rasch Scores1 
 

 (1) 
Any Shock 

(2) 
Drought 

(3) 
Crop Failure 

Diff Shock Exposure1 0.625 -3.304 2.645 
 (2.431) (2.857) (2.946) 
    

Diff Drought Exposure1  9.175***  
  (3.528)  
    

Diff Crop Failure    -4.244 
Exposure1   (3.499) 
    

Constant 86.12* 90.96** 85.88* 
 (45.24) (45.16) (45.23) 
Observations 1172 1172 1172 
Adjusted R2 0.100 0.105 0.101 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
1 These variables are calculated with a one period lag modifier to equal the change in the original variable across time periods.  
a The control variables included in the above specifications are: Round Two (indicator variable =1 if data collection is from Round 2), Female, Rural, 
Coastal Andhra, Telangana, Monthly Consumption (in current rupees), Wealth Index, Body Mass Index (BMI), BMI Z-Score, Child Age (in months), 
Household Size, and Strong Student (indicator variable =1 if student scores above 75th percentile in PPVT scores).  

 

 The fixed effects methodologies were also used to analyze the relationship between a 

household’s response to shocks and their children’s educational outcomes. Using the within 

estimator approach, we find a positive and significant marginal effect of consumption decline on 

PPVT scores. This is in line with the findings discussed previously on individual Rounds 2 and 4. 

As shown in Table 11 below, children from households that respond to shocks by lowering their 

consumption perform approximately 7.3 points better on the PPVT than children from households 

that respond in other ways, holding all else fixed. We also find that shock-exposed children from 

liquidity-based response households perform approximately 2.8 points worse on the PPVT than 

their peers from households with other responses. This is the opposite of what the initial 

hypothesized relationship was.  
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Table 11: Within Estimator, Household Response on PPVT Rasch Scores1 
 

 (1) 
Any Shock 

(2) 
Drought 

(3) 
Crop Failure 

Star Assets, Savings1 1.096   
 (2.978)   
    

Star Liquidity1  -2.802*  
  (1.675)  
    

Star Consumption1   7.321*** 
   (2.713) 
    

Shock Exposure -0.431 0.342 -0.755 
 (1.485) (1.541) (1.484) 
    

Drought Exposure -1.409 -1.483 -1.700 
 (1.480) (1.480) (1.482) 
    

Crop Failure Exposure 0.681 0.747 0.762 
 (1.452) (1.451) (1.450) 
    

Constant 18.29 17.86 19.33 
 (15.09) (15.08) (15.07) 
Observations 2969 2969 2969 
Adjusted R2 0.128 0.129 0.130 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
1 These variables are calculated as the difference between the child’s value and the mean value of the original variable. 
a The control variables included in the above specifications are: Round Two (indicator variable =1 if data collection is from Round 2), Female, Rural, 
Coastal Andhra, Telangana, Monthly Consumption (in current rupees), Wealth Index, Body Mass Index (BMI), BMI Z-Score, Child Age (in months), 
Household Size, and Strong Student (indicator variable =1 if student scores above 75th percentile in PPVT scores).  

 

 As expected, first differencing finds similar results to those found using the within 

estimator approach. The results, listed in Appendix Table A.8, show a positive and large 

statistically significant impact of consumption-based household responses on PPVT scores across 

rounds in the sample. Children from households that respond to shocks by lowering their 

consumption perform approximately 8.58 points better on the PPVT than children from households 

that respond in other ways, holding all else fixed. 

Discussion of Results 

 Several key takeaways from this analysis are worth noting. First, the estimated impact of 

shocks on children’s academic performance may be weakened if the severity of the shock in terms 

of economic loss is low. One limitation of the results presented is that they do not consider the 

severity of the shock experienced by each household. There may be significant variation in shock 
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severity across exposed children and, if so, additional data collection and analysis on the 

differential impacts of shocks by their severity may be warranted. This implies that there may be 

a spectrum of shock severity linked to varying levels of household disruption.  

Furthermore, if a shock’s severity is at the lower end of the spectrum, the child may not be 

directly impacted at all by the shock and if they are, it may not be captured in their educational 

performance. The key idea here is that children are not negatively affected by all shocks. Rather, 

the severity of the shock and subsequent disruption to household activities may play a key role as 

to whether or not a child’s performance in school is impacted. One follow-up hypothesis could be 

related to the presence of a ‘shock disruption threshold’ at which the life of an average shock-

exposed child is so disrupted by the natural disaster that their educational performance suffers. 

This threshold, or interval of shock severity, will also likely depend on child age.  

The timing of both the shocks and data collection may be such that the immediate impact 

is not captured. This analysis does not consider the time horizon of shock exposure, so a child who 

experienced a shock two years before the data was collected holds the same weight as a child who 

experienced a shock two months before the data was collected. This is important to the 

interpretation of this analysis because children who experienced shocks earlier on are likely to 

have already rebounded from the disruption to their household. Thus, these children may not have 

lower educational outcomes relative to their non-exposed peers, as was hypothesized initially. This 

may partially explain why shock-exposed children are found to have higher test scores across 

subjects than non-exposed children. 

 The results suggest that the type of household response does not matter for children’s 

education outcomes overall. Though we do find significance in certain contexts across response 

categories, the fixed effects specifications make it clear that there is no single, systematic effect of 
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the way a household chooses to respond on children’s test scores. Different response categories 

illicit different impacts on children’s educational outcomes over time periods, therefore it does not 

appear that there is a response category that performs better than another in all cases. The results 

are mixed, at best.  

One explanation may be that the impact of household response on children’s education 

outcomes does actually vary by age. In the health context, longitudinal evidence from China shows 

that primary school-age children are more vulnerable to health shocks than others – children of 

primary school-age were 9.9 less percentage points likely to enroll in middle school when an adult 

in their household experienced a health shock (Sun and Yao, 2010). Additionally, the researchers 

found that this effect diminishes by the time the children reach middle-school age, raising the idea 

that the impact of shocks broadly on educational outcomes can vary by child age. However, when 

including research on climate events specifically, the evidence on this finding is mixed. Analysis 

of the impact of weather shocks on early childhood development of Mexican children finds that 

their negative impacts last for at least 4 to 5 years after the initial shock exposure (Aguilar and 

Vicarelli, 2011). Shock-exposed children in this analysis were found to have up to 21 percent lower 

visual-spatial thinking abilities and working memory than non-exposed children of the same age 

(Aguilar and Vicarelli, 2011). This finding does not support the idea that the impact of shocks on 

children’s education outcomes varies by age.  

Another potential explanation is that the marginal effect of the shock is so severe that 

children drop out of school as a result because their households can no longer afford school fees. 

Similarly, parents may prefer that their child begin working in the wake of a shock to increase 

household income in the immediate term. If true, this would imply the children in the sample that 
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report being shock-exposed are from households that place a high value on education. This value 

could in turn impact children’s positive performance in school, relative to their non-exposed peers.  

A final explanation is child resilience, specifically that being exposed to shocks and related 

vulnerabilities are related to a child’s intrinsic resilience. Evidence shows that child resilience is 

an important determinant of their educational performance, particularly in developing countries or 

high-conflict contexts. In Nigeria, heavy rainfall and other adverse weather shocks were found to 

have a significant negative impact on exposed children’s health outcomes. But, the study also 

found that exposed children were able to quickly catch up with their non-exposed peers after 

experiencing the shock (Rabassa et al., 2012). This finding echoes the idea of child resilience in 

the context of shock exposure. However, it is important to note that child resilience is difficult to 

measure and thus, not captured in this analysis. We cannot assume any causal relationship between 

shock exposure and child resilience because shocks occur seemingly randomly in terms of which 

households are exposed and the analysis controlled for several non-random factors. Additionally, 

if shock exposure is related to increased child resilience in the longer-term, we are unlikely to see 

any systematic impact of household response on child educational outcomes through this analysis.  

 

POLICY IMPLICATIONS 

The findings from this thesis are relevant to broader development policy for several key 

reasons. Firstly, policymakers often assume that natural disasters and subsequent disruptions to 

everyday household life have significant and long-term negative impacts on children. Evidence 

has shown this negative impact does occur, but the context is relevant for interpreting the findings. 

Most of the evidence is from evaluations of major natural disasters that cause a severe disruption 

to households’ livelihood. This analysis contributes to the evidence base in part because it does 
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not solely focus on major natural disasters. By focusing on likely less severe and more routine 

weather shocks, we do not necessarily find that they have a strong negative impact on children’s 

education outcomes.   

One interpretation of the results is that academic performance does not necessarily decline 

following natural disasters1, though test scores do exhibit a relative decline in response to drought 

and crop failures. We cannot assume that all natural disasters have negative or long-term 

consequences. Shock severity is likely a key determinant in the direction, magnitude, and duration 

of its impact on children. Another severity-related issue is the dynamic of the impact – in some 

cases, the initial impact of a shock may be negative for children and families, but the long-term 

impact of it is not. Therefore, prior to making investments in preparing for and safeguarding 

against the adverse consequences of shocks on children and their households, one should first 

consider the linkages between severity and child outcomes. Further analysis incorporating shock 

severity should be conducted to determine the point at which shock exposure results in sustained 

harm to children’s livelihoods and educational achievement.  

Secondly, this analysis highlights child resilience as a key factor in assessing the impacts 

of natural disasters. Few studies have focused on measuring and evaluating resilience as a 

contributing factor to a child’s ability to rebound from the negative impacts of shocks. Existing 

research on the relationship between adverse events and child grit, which could be considered a 

proxy for resilience, shows that children can suffer impairments in self-discipline and self-control 

for up to six months after experiencing a stressful life event, such as parental divorce (Duckworth 

et al., 2013). Though self-discipline and self-control are both particularly relevant to educational 

achievement, the study found small effects overall and looked specifically at negative life events 

                                                
1 One caveat to this interpretation is the case in which students who are hurt the most by the shock end up dropping 
out of school completely.  
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related to a child’s personal life, not external shocks such as natural disasters. Therefore, another 

possible interpretation of the results presented in this thesis is that experiencing stressful events 

and hardships related to living in poverty can foster resilience and adaptability in the children 

living in those high-conflict situations. From a development policy perspective, resilience is 

important because the negative impacts of climate change are expected to disproportionately fall 

on the poor in developing countries. Many youths living in these areas vulnerable to climate change 

have also had to overcome challenges related to poverty, including having limited access to goods 

and services, low housing and schooling quality, and household economic instability. Thus, over 

time, in the wake of a shock, low-income children may respond better and be able to catch up more 

quickly academically than children living in more stable and secure environments would in 

response to the same shock.  

The provision of short-term resources to facilitate an easier and more rapid rebound for 

shock-exposed children may be a particularly relevant policy response to less severe shocks.  

Government capacity is low in many countries, however, and crisis management resources are 

scarce. Moreover, rural populations are hard to reach, making immediate resource allocation in the 

wake of a low-severity shock difficult. In addition to providing direct assistance to mitigate the 

impacts of shock exposure, it may be equally effective to pursue programs that leverage child 

resilience. Therefore, policies that specifically aim to help children adjust to crises, such as the 

development of a national curriculum around building resilience, can better prepare students for 

shocks and consequently minimize negative impacts on their educational outcomes. Given that 

this analysis does not definitively conclude that child resilience is the main mechanism driving the 

results, there are opportunities for future research on the topic, including on how resilience affects 

education and labor market outcomes.  
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For many who live in vulnerable communities, exposure to a climate shock of any severity 

is no longer an exception, but increasingly the norm. The policy implications of this analysis, and 

climate change more broadly, are especially relevant to policymakers in low-resourced countries, 

where exposure is relatively high and the social safety net is porous. Understanding what 

households do in response to disasters is, of course, key to improving their quality of life in the 

short-run. Perhaps more importantly, this understanding can equip and empower these 

communities to persist through the uncertainty associated with climate vulnerability and continue 

to work towards creating better livelihoods for their future generations to come.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 40 

APPENDIX: SUPPLEMENTAL FIGURES AND TABLES 

Table A.1: Hypothesized Relationships 
 
Household Response 
to Shocks 

Theoretical Support for 
Hypothesized Impact 

Hypothesized Impact on 
Child Education Outcomes 

Used credit Access to credit as a means of 
consumption smoothing to avoid 
disruptions, negative consequences. 
 

Lowers outcomes to the 
lowest degree, as compared 
to other household responses. 

Worked more Working more from lead HH 
members can potentially reduce time 
with children and oversight of their 
activities, which can have subsequent 
impacts on their educational 
outcomes (if parents were able to be 
more supportive previously) or 
attitudes on education (if motivation 
is linked to parental oversight). 
 

Lowers outcomes to a greater 
degree than accessing credit. 

No Response Children will experience the full 
damage of the shock. 

Lowers outcomes to a greater 
degree than all responses 
other than direct responses to 
a child’s educational status. 
 

Help from family, 
friends 

Support from family and friends will 
undoubtedly help mitigate the 
negative effects of a shock, especially 
if the support is monetary and large 
enough in value (for families that 
can’t access credit, this is a good 
substitute). Even in-kind support can 
help reduce the impact on children.  
 

Lowers outcomes to a greater 
degree than accessing credit, 
but less than other responses 
due to some level of 
consumption smoothing. 

Sold things The impact of this response depends 
on the types of items sold – if they 
impact the child or their ability to go 
to school (i.e., their uniforms, books, 
nutritious foods, etc), then we can 
expect educational outcomes to 
suffer. 
 

Lowers outcomes to a greater 
degree than accessing credit. 

Used savings Utilizing savings allows for short-
term consumption smoothing, which 
can mitigate negative impacts on 
children in the immediate term. 

Lowers outcomes to a greater 
degree than accessing credit, 
but less than other responses 
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However, reduced or depleted 
savings may have alternative, more 
long-run negative impacts on 
children’s learning outcomes. 
 

due to some level of 
consumption smoothing. 

Migrated In itself, migration is a disruptive 
shock to a child’s learning 
environment and educational journey. 
Given the uncertainty with quality of 
schooling, living situation, and other 
stressors related to uprooting, 
children’s academic performance 
may be sacrificed. 
  

Lowers outcomes to a greater 
degree than accessing credit 
and other responses. 

Ate less If a child eats less in general or gets 
lower nutrition, they are likely to face 
negative consequences at school. 
 

Lowers outcomes to a greater 
degree than accessing credit 
and other responses. 
 

Bought less Similar to the selling things response, 
the impact of buying less depends on 
the types of items that are sacrificed. 
If they impact the child or their 
ability to go to school (i.e., their 
uniforms, books, nutritious foods, 
etc), then we can expect educational 
outcomes to suffer. 
 

Lowers outcomes to a greater 
degree than accessing credit. 

Help from the 
government 

Similar to having support from 
family and friends, having the 
support of the government will help 
mitigate the negative effects of a 
shock, especially if the support is 
monetary and large enough in value 
(for families that can’t access credit, 
this is a good substitute). Even in-
kind support can help reduce the 
impact on children.  
 

Lowers outcomes to a greater 
degree than accessing credit, 
but less than other responses 
due to some level of 
consumption smoothing. 

Children started 
working 

Working as a child, even if also 
enrolled in school, will likely have 
negative impacts on learning 
outcomes. 
 

Lowers outcomes to the 
highest degree, as compared 
to other household responses. 
 

Children removed 
from school 

If a child is removed from school, 
then we cannot measure educational 
outcomes, and expect attitudes to fall. 

There will be no educational 
outcomes because child is 
not in school. 
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Figure A.1. Location of Interest – Andhra Pradesh and Telangana, India 
 
 

Note: Size of circles note number of shock-exposed households within the specified locality. Red 
circles note localities in which over 50 percent of households have reported experiencing a natural 
disaster shock. 
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Table A.2: Household Responses to Shocks 
 

Variable Name Variable Description 
Assets and Savings Responses 
Used Savings Used Savings 
Sold Things Sold personal items 
Insurance Accessed insurance to pay for costs 
Liquidity Responses 
Used Credit Sought out credit 
Worked More Worked more hours 
Family Help Sought help from family or friends 
Government Help Sought help from the government 
Consumption Responses 
Ate less Ate less food 
Bought Less Bought less items 
No School Took children out of school 
Child Work Sent children to work 
Other Responses 
No Response No response to shock 
Migrated Migrated or moved 
Insurance Insurance paid for costs 
Other Response  Other unspecified responses 
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Table A.3: Relevant Independent Variables 
 
Variable Name Variable Description 
Demographic Characteristics 
Child Age Child age, in months 
Household Size Number of members of household 
Female Indicator variable; =1 if child is female, =0 if child is male 

Rural Indicator variable; =1 if household is rural, =0 if household is 
urban 

Coastal Andhra Indicator variable; =1 if household is in Coastal Andhra locality,  
=0 otherwise 

Telangana Indicator variable; =1 if household is in Telangana locality, =0 
otherwise 

Strong Student Indicator variable; =1 if Child's PPVT Rasch Score is greater 
than 75th percentile, =0 otherwise 

Livelihoods Indicators 

Wealth Index Wealth Index - calculated as the average of housing, services, 
and durables indices 

Housing Quality Index  Housing Quality Index - calculated using a household's number 
of rooms, size, and materials used for wall, roof, and flooring 

Access to Services Index 
Access to Services Index - calculated using a household's 
electricity access, drinking water source, toilet facility, and 
cooking fuels 

Consumer Durables Index Consumer Durables Index - calculated using a household's 
owned assets 

Body Mass Index Child's calculated BMI = Weight / Squared(Height) 
Z-Score Body Mass Index BMI-for-age z-score for child 
Monthly Total 
Consumption 

Monthly total consumption (limited basket) for a household, in 
current rupees 

Educational Outcomes 
School Enrollment  Is the child currently enrolled in school? 

PPVT Rasch Score 
Child's standardized Rasch score on the Peabody Picture 
Vocabulary  
Test (PPVT) 

PPVT Percentage Correct Child's percentage correct on the Peabody Picture Vocabulary 
Test (PPVT) 

CDA Rasch Score Child's standardized Rasch score on the Cognitive Development 
Assessment (CDA) 

Math Test Rasch Score Child's standardized Rasch score on the grade-level Math test 
Math Test Percentage 
Correct Child's percentage correct on the grade-level Math test 
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Table A.4: Round 3 – Simple Descriptive Statistics 
 

 
Number of 
Observations Mean Standard 

Deviation Minimum Maximum 

Demographic Characteristics 
Female 1856 0.47 0.50 0 1 

Rural 1856 0.73 0.44 0 1 
Coastal Andhra 1856 0.36 0.48 0 1 

Telangana 1856 0.35 0.48 0 1 
Livelihoods Indicators 

Wealth Index 1854 0.52 0.18 0.01 0.95 
Housing Quality Index  1856 0.58 0.26 0.02 1 

Access to Services Index 1854 0.65 0.23 0 1 
Consumer Durables Index 1856 0.32 0.19 0 1 

Child Body Mass Index 1854 13.94 1.65 4.58 41.36 
Household Monthly 

Consumption 1856 3787.77 3396.90 445.83 81092 

Educational Outcomes 
School Enrollment 1846 0.99 0 0 1 

Rasch Score in PPVT 1519 300.03 14.94 238.68 348.72 
Rasch Score in Math Test 1829 300.25 14.87 258.77 342.54 

Shock Exposure & Household Response Variables 
Shock Exposure 1856 0.25 0.43 0 1 

Drought Exposure 1856 0.06 0.24 0 1 
Crop Failure Exposure 1039 0.31 0.46 0 1 

Assets, Savings Response 1856 0.02 0.15 0 1 
Liquidity Response 1856 0.19 0.39 0 1 

Consumption Response 1856 0.04 0.19 0 1 
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Table A.5: Round 3 – Shock vs. Non-Shock Exposed Households, Descriptive Statistics 
 

 

Number of 
Observations Mean Standard 

Deviation Minimum Maximum 

Non-Shock Exposed Households  
Demographic Characteristics and Livelihood Indicators 

Female 1401 0.47 0.50 0 1 

Rural 1401 0.65 0.48 0 1 

Wealth Index 1400 0.54 0.18 0 1 

Housing Quality Index  1401 0.60 0.26 0 1 

Access to Services Index 1400 0.68 0.24 0 1 

Consumer Durables Index 1401 0.33 0.19 0 1 

Child Body Mass Index 1400 14.01 1.74 4.58 41.36 
Household Monthly 

Consumption 1401 3743.78 2871.99 445.83 46687.33 

Educational Outcomes 

Formal School Enrollment 1392 0.99 0.10 0 1 

Rasch Score in PPVT 1109 300.41 14.94 239 348.72 

Rasch Score in Math Test 1379 300.40 14.63 259 342.54 

Shock-Exposed Households  
Demographic Characteristics and Livelihood Indicators 

Female 455 0.48 0.50 0 1 

Rural 455 0.97 0.16 0 1 

Wealth Index 454 0.44 0.14 0 1 

Housing Quality Index  455 0.52 0.25 0 1 

Access to Services Index 454 0.55 0.15 0 1 

Consumer Durables Index 455 0.26 0.17 0 0.78 

Child Body Mass Index 454 13.73 1.28 6.72 20.30 
Household Monthly 

Consumption 455 3923.20 4656.97 785.83 81092 

Educational Outcomes 

Formal School Enrollment 454 0.99 0.10 0 1 

Rasch Score in PPVT 410 299.00 14.93 252 340.48 

Rasch Score in Math Test 450 299.78 15.61 260 342.44 
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Table A.6: Round 4 – Simple Descriptive Statistics 
 

 

Number of 
Observations Mean Standard 

Deviation Minimum Maximum 

Demographic & Livelihoods Characteristics  

Female 1818 0.46 0.50 0 1 

Wealth Index 1818 0.59 0.17 0.09 0.95 

Housing Quality Index  1818 0.68 0.24 0.02 1 

Access to Services Index 1818 0.71 0.23 0 1 

Consumer Durables Index 1818 0.38 0.17 0 0.89 

Child Body Mass Index 1813 15.84 4.66 9.87 180.69 
Household Monthly 

Consumption 1817 5036.93 4080.69 626.98 48751.71 

Educational Outcomes 

School Enrollment 1815 0.97 0.16 0 1 

Percentage Correct on PPVT 1807 75.53 13.87 3.51 100 
Percentage Correct on Math 

Test 1764 44.18 22.84 0 96.55 

Shock Exposure & Household Response Variables 

Shock Exposure 1818 0.32 0.46 0 1 

Drought Exposure 1818 0.08 0.27 0 1 

Crop Failure Exposure 1818 0.17 0.38 0 1 

Assets, Savings Response 1818 0.03 0.16 0 1 

Liquidity Response 1818 0.12 0.32 0 1 

Consumption Response 1818 0.07 0.26 0 1 
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Table A.7: Round 4 – Shock vs. Non-Shock Exposed Households, Descriptive Statistics 
 

 
Number of 
Observations Mean Standard 

Deviation Minimum Maximum 

Non-Shock Exposed Households  
Demographic Characteristics and Livelihood Indicators 

Female 1244 0.44 0.50 0 1 
Wealth Index 1244 0.60 0.17 0 1 

Housing Quality Index  1244 0.68 0.24 0 1 
Access to Services Index 1244 0.74 0.24 0 1 

Consumer Durables Index 1244 0.39 0.18 0 0.89 
Child Body Mass Index 1242 16.08 5.42 9.87 180.69 

Household Monthly 
Consumption 1244 5048.20 4053.64 649 48752 

Educational Outcomes 
School Enrollment 1243 0.97 0.16 0 1 

Percentage Correct on PPVT 1238 75.70 14.37 4 100 
Percentage Correct on Math Test 1212 44.85 23.12 0 96.55 
Shock-Exposed Households  
Demographic Characteristics and Livelihood Indicators 

Female 574 0.50 0.50 0 1 
Wealth Index 574 0.55 0.14 0.09 0.93 

Housing Quality Index  574 0.67 0.23 0.02 1 
Access to Services Index 574 0.63 0.19 0.25 1 

Consumer Durables Index 574 0.36 0.16 0 0.89 
Child Body Mass Index 571 15.33 2.16 10 26 

Household Monthly 
Consumption 573 5012.45 4142.28 627 42146 

Educational Outcomes 
School Enrollment 572 0.97 0.17 0 1 

Percentage Correct on PPVT 569 75.16 12.70 26 100 
Percentage Correct on Math Test 552 42.69 22.16 0 89.66 
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Figure A.2. Simplified Model 
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Table A.8: First Differencing, Household Response on PPVT Rasch Scores1 
 

 (1) 
Assets, Savings  
and Liquidity 

(2) 
Assets, Savings  

and Consumption 

(3) 
Liquidity  

and Consumption 
Diff Assets, Savings1 5.873   
 (5.308)   
    

Diff Liquidity1  -1.194  
  (2.861)  
    

Diff Consumption1    8.581* 
   (4.704) 
    

Shock Exposure -6.693 -5.371 -7.253 
 (5.503) (5.628) (5.503) 
    

Drought Exposure 11.74* 11.48* 10.23 
 (6.241) (6.245) (6.275) 
    

Crop Failure Exposure -1.688 -1.785 -1.289 
 (5.703) (5.720) (5.705) 
    

Constant 88.59* 87.27* 92.77** 
 (45.25) (45.27) (45.29) 
Observations 1172 1172 1172 
Adjusted R2 0.104 0.103 0.106 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
1 These variables are calculated with a one period lag modifier to equal the change in the original variable across time periods.  
a The control variables included in the above specifications are: Round Two (indicator variable =1 if data collection is from Round 2), Female, Rural, 
Coastal Andhra, Telangana, Monthly Consumption (in current rupees), Wealth Index, Body Mass Index (BMI), BMI Z-Score, Child Age (in months), 
Household Size, and Strong Student (indicator variable =1 if student scores above 75th percentile in PPVT scores).  
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