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Floods cause extensive damage in high-income countries, including the United States, but problems are more
severe in low- and middle-income countries (LMICs) that lack preventative and mitigating infrastructure.
Marginalized children’s education in LMICs might be particularly vulnerable. Using the Indian Human De-
velopment Survey, we investigate flood exposure implications for the education of school-age rural children,
paying particular attention to children from marginalized groups. Results show that lower-caste Hindu,
Muslim, and poorer children with less-educated parents in agricultural households are more likely to experi-
ence flooding. Interactions between flooding and marginalization characteristics indicate that flood expo-
sure is associated with disproportionately negative learning outcomes for girls and that economic resources
may mitigate flood exposure effects on delayed school progress. While greater exposures for marginalized
groups are concerning, the limited number and modest magnitudes of documented negative effect heteroge-
neities for marginalized children are somewhat better news.
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With climate change, flood frequency is in- greater use of marginal lands with elevated
creasing across the globe. Water-control sys- flood vulnerability. The 2021 German floods
tems are often inadequate for changing cli- demonstrate that effects can be catastrophic
matic conditions. Growing populations induce even in a high-income country known for
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strong infrastructure. Flooding is the most
ubiquitous and costly natural hazard in the
United States (Grimm 2020). The cost of flood
damage in the United States was approximately
$17 billion annually between 2010 and 2018, ac-
cording to testimony from Federal Emergency
Management Agency representative Michael
Grimm (Grimm 2020; Duguid 2021). Although
most of these costs as usually estimated are
physical destruction, considerable foregone
human-resource investments are possible in
general and in terms of children’s education,
in particular. In recent times, Hurricane Sandy
on the East Coast, Hurricane Maria in Puerto
Rico, Hurricane Harvey in Texas, Hurricane Ida
in Louisiana, and Hurricane Ian in Florida
have had devastating implications for educa-
tional systems (Brusi and Godreau 2019; Chak-
rabarti and Livingston 2012), and vulnerability
to flood exposure varies across subpopulations
(Lieberman-Cribbin et al. 2021).

Marginalized groups tend to be relatively
vulnerable to flooding and other climatic disas-
ters across national settings, but wealthier
countries are more likely to have the infrastruc-
ture and financial resources to limit disastrous
effects and to support recovery, while poorer
countries have fewer available avenues for pre-
vention and recovery (Carty and Walsh 2022;
see also Eckstein, Kiinzel, and Schéfer 2021). As
climate change has escalated, problems in
poorer countries have mounted. Oxfam esti-
mates that funding requirements for UN hu-
manitarian appeals linked to extreme weather
are now eight times higher than they were
twenty years ago, and that over the past five
years, such appeals were only 54 percent funded
on average, resulting in an estimated funding
shortfall of $28 to $33 billion (Carty and Walsh
2022, 3).

In this context, high-income countries such
as the United States are likely to face increasing
pressure to divert foreign aid from develop-
ment assistance to disaster protection and re-
lief as climate-related damage grows (Harbeson
and McCormick 2021). This shift is already hap-
pening: the Biden-Harris administration has
committed to addressing the climate crisis
abroad as a core element of national security
and foreign policy, involving diplomatic en-
gagement as well as foreign assistance (White

House 2021a, 2021b). A recent White House
Press Briefing states that the United States “has
a compelling national interest in strengthening
global protection for individuals and groups
displaced by the impacts of climate” and that
particular concern needs to be given to the dis-
proportionate impact, globally, on marginal-
ized communities (White House 2021b).

South Asia is a highly populated, geopoliti-
cally significant region that is also one of the
most vulnerable to climatic shocks (World
Bank 2022). The World Bank reports that more
than half of all South Asians, approximately 750
million people, were affected by climate-related
disasters in the last twenty years, and that cli-
mate change “could sharply diminish living
conditions for up to 800 million people in a re-
gion that already has some of the world’s poor-
est and most vulnerable populations” (2022).
Floods that covered about a third of Pakistan
in 2022 are a vivid illustration of these risks. An
important mechanism through which dimin-
ishment in living conditions could occur, but
one that is not yet well understood, is by dis-
ruptions in children’s human-capital develop-
ment (Benson and Clay 2004).

India is a particularly important case. It is
ranked seventh in the 2021 global climate-risk
index (Eckstein, Kiinzel, and Schifer 2021, 7);
has experienced secularly increasing floods
and flood damage; is home to the world’s larg-
est number of school-age children; and is
highly stratified along caste, religious, and so-
cioeconomic lines. The majority of Indian chil-
dren live in rural communities, where floods
can hinder education by causing school clo-
sures, disrupting transportation systems, dam-
aging school infrastructure, increasing child-
labor demands to deal with fallout from floods
and flood damage, and otherwise disrupting
local activities. Consequences could include re-
duced enrollment and attendance, leading to
slower grade progression and worse learning
outcomes. The educational effects of flooding,
moreover, might be heterogeneous, due to ei-
ther disparate exposures or disparate buffering,
with respect to child and family characteristics
such as gender, age, religion, caste, and socio-
economic status.

This article considers flooding impacts on
Indian children’s education, with particular fo-

RSF: THE RUSSELL SAGE FOUNDATION JOURNAL OF THE SOCIAL SCIENCES



232

cus on heterogeneous impacts on the most
marginalized school-age rural child popula-
tions. We use the Indian Human Development
Survey (IHDS), a nationally representative
panel survey that collected data on learning, in
addition to more standard information on
school enrollment and educational attainment.
The IHDS permits investigation of the hetero-
geneous effects of floods on the educational
progress and learning of rural children ages
eight to eleven years.

We consider two questions: Are children
from marginalized groups disproportionately
exposed to floods? Do children from marginal-
ized groups experience disproportionate nega-
tive educational effects, when exposed?

BACKGROUND
Natural disasters such as floods are expected to
increase in frequency and intensity as a result
of climate change over the next few decades
and to affect a sizable portion of the global pop-
ulation (Hirabayashi et al. 2013; Scheuren et al.
2008). In studying the impact of disasters on
people’s lives, social scientists make a distinc-
tion between disasters as discrete environmen-
tal events that occur when a hazard is realized
and disasters as social processes (Arcaya, Raker,
and Waters 2020; Frankenberg, Laurito, and
Thomas 2014). Extreme rainfall and floods af-
fect millions of people by their adverse impacts
on physical, financial, and human capital, and
disruptions to economic activity, consumption,
employment, and investment (Benson and Clay
2004). Interest among social scientists is strong
in investigating the ways that different social
groups experience climate risks and environ-
mental exposures unequally (see Rauscher and
Cao 2024, this issue). To gain a better under-
standing of the social roots of the impacts of
such disasters, studies frequently use the con-
cepts of vulnerability and resilience (Franken-
berg et al. 2013). Existing inequalities along
lines of gender, age, race, caste, religion, and
socioeconomic status may all be important fac-
tors in determining who is most vulnerable to
disasters and who is most resilient (Enarson
2012).

Given their high exposure, greater sensitiv-
ity to certain exposures, and reliance on care-
givers, children are particularly vulnerable to
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negative environmental adversities (Ebi and
Paulson 2007; Frankenberg and Thomas 2017;
Walker et al. 2007). Research suggests that in
low- and middle-income countries (LMICs),
children are frequently the first and the most
affected victims of environmental shocks (Mar-
tin 2010; Norris et al. 2005). Recurrent and ex-
treme floods can affect children in multiple
ways. Flooding can cause immediate physical
harm. Flooding can also cause physical damage
to the school and health-care infrastructure,
disrupting education and limiting access to
proper medical care. Similarly, floods increase
the likelihood of households falling into pov-
erty, which might be particularly significant for
households that depend on natural resources
for a living. In many LMICs, income loss, asset
loss, and increased disaster-related expendi-
tures can create pressure on families to remove
their children from school to enable them to
work instead. Financially strapped families
may be unable to afford adequate medical care,
food, or school supplies, all of which have neg-
ative impacts on children. Households may re-
duce food consumption due to income losses,
which can raise risk of child malnutrition and
stunted growth (Dimitrova and Muttarak 2020;
WHO and de Onis 2006). Finally, trauma caused
by such events can cause deterioration in men-
tal health, which can affect physical health and
academic achievement (Frankenberg and
Thomas 2017).

Despite the realization that weather shocks
have multiple effects on a wide range of indica-
tors of children’s well-being, research in LMICs
continues to be almost exclusively focused on
nutritional and health outcomes (Currie and
Vogl 2013; Frankenberg et al. 2008; Rosales-
Rueda 2018). Relatively few studies have inves-
tigated the schooling and educational attain-
ment of children living in flood-prone areas,
even though, according to EM-DAT (2021),
floods are the most frequently reported natural
disaster worldwide.

Emergency school closures and disruptions,
which are common due to unpredictable, re-
current, and severe floods, can have significant
adverse impacts on children’s education. Stud-
ies of high-income countries have found that
emergency school closures and other educa-
tional disruptions are associated with in-
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creased dropout (Azevedo et al. 2021). Further,
interrupted learning due to unscheduled
school closures has been found to have nega-
tive impacts on test performance (Marcotte and
Hemelt 2008).

Because destruction caused by disasters is a
function of the events themselves, where and
how societies build, and the resources available
to recover and respond, children in LMICs feel
adverse impacts to a far greater extent than
adults (Kousky 2016). Uninsured extreme-
weather shocks can have significant and long-
lasting effects on children’s human capital be-
cause low-income households are unable to
protect their consumption of food, health, and
education (Baez, de la Fuente, and Santos
2010). Xin Meng and Robert Gregory (2002) ex-
amined the impacts of school closures on chil-
dren’s educational attainment during China’s
Cultural Revolution. They find that interrupted
learning because of frequent junior- and
senior-high-school closures reduced children’s
chances of getting formal four-year university
degrees by about 55 percent (Meng and Gregory
2002, 953). Kawin Thamtanajit (2020) finds that
Thai children who were exposed to recurrent
floods that resulted in months of school clo-
sures and destruction of basic school facilities
performed worse on tests than children who
were not exposed to such events. Floods in
Madagascar reduced the likelihood of teenag-
ers attending school, encouraging them to en-
ter the labor market (Marchetta, Sahn, and Tib-
erti 2019). Girls had much higher chances of
dropping out and entering labor markets than
boys. In general, natural disasters are likely to
exacerbate the learning crisis in LMICs, where
roughly half of children are already failing to
acquire required foundational skills (World
Bank 2019).

The Indian Context

India’s geophysical and climatic features make
it one of the world’s most disaster-prone coun-
tries (Patankar 2019). India’s population has be-
come more susceptible to flooding as a result
of climate-change-induced increases in ex-
treme precipitation events and ongoing popu-
lation growth (Ali, Modi, and Mishra 2019).
Floods have accounted for more than half of all
natural and climate-related disasters in India
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since the 1990s (Patankar 2019). Floods have the
potential to destroy crop and livestock produc-
tion and thereby to jeopardize food security.
Particularly vulnerable to this effect pathway
are rural Indians, who account for nearly three-
quarters of the population (Dimitrova and Mut-
tarak 2020). Between 1980 and 2017, India expe-
rienced 278 floods, affecting more than 750
million people and causing an estimated $58.7
billion in damage (EM-DAT 2018). Strikingly,
views are mixed on whether the past few de-
cades of human development and economic
growth have made India more resilient to the
negative effects of floods (Bahinipati and Pat-
naik 2020; Parida 2020; Patri, Sharma, and Pa-
tra 2022).

Despite rapid recent economic growth, In-
dian children have some of the worst health
and well-being indicators globally (Coffey et al.
2013). For example, in 2015, India had one of
the highest rates of childhood malnutrition,
and 38 percent of children under the age of five
showed stunted growth patterns (Khan and
Mohanty 2018). These conditions have implica-
tions for human-capital accumulation and ca-
pability development, and for resiliency in
times of stress (Coffey et al. 2013). India also
has the largest number of school-age children
in the world, and many of these children live in
rural areas of northern and eastern states
prone to flooding. Anna Bertho and her col-
leagues (2012) find that flood-induced school
closures varied between fifteen days to six
months, with a median of three months, in
highly flood-prone districts of Uttar Pradesh
and Bihar, the two most populous states in In-
dia. Further, floods had a negative impact on
education by making transportation to schools
difficult or impossible, damaging school infra-
structure, and otherwise disrupting local ac-
tivities (Bertho et al. 2012). In a community-
based study, Revathi Krishna, Kevin Ronan,
and Eva Alisic (2018) find that many children
whose studies were disrupted by severe floods
explained that their return to school after the
floods was inhibited because of illness or loss
of books and uniforms. This article adds to lim-
ited existing research by providing a national-
scale snapshot of the groups most vulnerable
to flood exposure among rural children in In-
dia, and by investigating the implications of
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flood exposures for rural children’s educational
outcomes, overall and across social groups.

Social Groups and Inequality

Along with gender and socioeconomic status,
other important social group identities are
critical to understanding social stratification
in India. Caste, tribal status, and religion are
key dimensions. Historically, the Hindu caste
system was a division of individuals into hier-
archical groups and subgroups based on oc-
cupation, which in turn was rigidly related to
notions of ritual purity, privilege, and social
status (Deshpande 2011; Vaid 2014). The lowest
classification in this hierarchy referred to
groups historically consigned to ritually pol-
luting, dirty, and degrading occupations.
Members of this group were previously re-
ferred to by terms now considered pejorative;
they are referred to in the Indian Constitution
and in current official documents as Sched-
uled Castes. Although the Indian caste system
was abolished in 1950, caste continues to be a
powerful marker of individual identity. Mem-
bers of Scheduled Castes continue to face
overt and covert forms of discrimination,
abuse, humiliation, and violence (Coffey et al.
2018; Hathi et al. 2018). Most of the two hun-
dred million people belonging to Scheduled
Castes are very poor, with limited access to so-
cial and economic resources (Deshpande
2011).

Scheduled Tribes, also known as adivasis,
are members of Indigenous or tribal groups
whose identities are often considered outside
the Hindu caste system. These groups number
more than 104 million in population and often
live in remote parts of the country; they con-
tinue to experience economic and educational
deprivations (Kumar, Pathak, and Ruikar
2020; Maharatna 2000). Religious minorities
also sit outside the traditional Hindu caste
system. India is home to the world’s third-
largest Muslim population, at more than 176
million (World Population Review 2023). Mus-
lims are the largest minority religious group
in India. They rank close to Scheduled Castes
in terms of human-development outcomes
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and face social, economic, and political dis-
crimination (Asher, Novosad, and Rafkin 2018;
Hathi et al. 2018; Jaffrelot and Gayer 2012; Sa-
char et al. 2006). Moreover, although Sched-
uled Castes have rights to certain preferential
policies and programs, few such programs are
open to Muslims (Sachar et al. 2006; on the
vulnerability of the Muslim population, see
Fazal 2020).

DATA AND METHODS

Our sample includes children in rural house-
holds in the India Human Development Survey.
The IHDS is a nationally representative multi-
topic survey of more than forty-one thousand
households in 971 urban blocks and 1,503 vil-
lages (Desai, Vanneman, and NCAER 2019). It
is a panel survey with interviews conducted in
2004-2005 and in 2011-2012.

Dependent Variables

The IHDS collected information on current en-
rollment, highest grade completed, and other
key information related to all members of the
interviewed households. For children ages
eight to eleven, the IHDS also administered
learning, math, and writing assessment mod-
ules. Our analysis uses three measures of chil-
dren’s learning outcomes from 2011 to 2012.
The first measure, grade-for-age, is defined as
grade/(age -6), where grade is completed grades
of education, age is a child’s reported age, and
six is the typical age children are when they
complete the first grade.

Our other two outcome measures come
from IHDS’s assessment of children’s math and
reading skills. The IHDS ranked children’s per-
formance on a math test from 1 to 4 in increas-
ing order of math skills—cannot recognize
numbers, able to recognize numbers, able to
do subtraction, and able to do division. A simi-
lar ranking of 1 to 5 was used for performance
on a reading test, with numbers referring, re-
spectively, to children who could not recognize
letters in the alphabet, could recognize letters
in the alphabet, could read words, could read
paragraphs, or could read stories. Both tests
were based on standardized test modules de-

1. We use six to indicate that children complete their first grade by this age. However, studies on schooling in
India tend to use both six and seven (Sahoo 2017; Desai and Kulkarni 2008).
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veloped with the help of PRATHAM, an educa-
tional NGO, and are widely used in assessing
learning among children in many contexts (De-
sai et al. 2010). Tests were translated into re-
gional languages to facilitate easy administra-
tion and reduce anxiety levels among children.
For the multivariate analysis of test score out-
comes in tables 4 and 5, we standardized the
test scores for each year of age to better facili-
tate interpretation of the estimates. In these
tables, the outcome is defined as the number
of standard deviations (SD) each child’s test
scores are above or below the mean of the test
score distributions for children of the same
age.

In the IHDS, the learning assessment tests
were administered at home. For this reason,
unlike analyses based on tests administered in
schools, our analysis is not subject to selectivity
bias due to school enrollment or attendance.
Access to test score data means that our inves-
tigation goes beyond most studies to consider
learning, rather than just time spent in school.

Independent Variables

The IHDS had a separate village module assess-
ing various aspects of the local community, in-
cluding information on village-level year-wise
flooding histories for each year between 2006
and 2011. To minimize the problem of recall
bias, the survey asked multiple informed citi-
zens to report on the occurrence of floods for
each year between 2006 and 2011. We defined a
dichotomous measure of village flood expo-
sure, with a value of 1 if the village was exposed
to floods at least once during this period, and
0 if it was not. We also defined a state-level
flood exposure measure as the fraction of vil-
lages in the state exposed to floods at least once
during the period.

The IHDS includes rich characterizations of
demographic and household characteristics:
children’s gender and age, caste, religious af-
filiation, household income, whether the main
source of household income was agricultural,
and parental educational attainments. These
variables permit the investigation of differ-
ences in flood burdens on children’s learning
outcomes by potentially important stratifiers.
Last, in a subset of our models for math and
reading, we also include grade-for-age to ex-
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plore whether falling behind in grade progres-
sion might be a mediating mechanism for
flooding effects on learning.

Second-Wave Test-Taking

Propensity Weighting

Estimated flood effects on educational out-
comes could be biased by selective migration
out of flood-prone areas. To reduce potential
bias due to children not taking the second-wave
survey tests, we adjust our estimates using a
new set of weights constructed from each
child’s propensity to take the tests in the sec-
ond wave. Despite its limitations, such propen-
sity reweighting is a widely employed method
for adjusting for survey nonresponse (Chen et
al. 2015; Wun et al. 2007). We compare data
from both waves to identify all children in the
first wave who would have been between eight
and eleven in the second wave and hence eli-
gible for being administered the second-wave
learning tests. This group included those who
were administered the second-wave learning
tests, those who were present in the second
wave but did not take the tests, and those not
present in the second wave. The propensity
scores (or the predicted probability of taking
the second-wave test) are estimated by a logis-
tic regression of whether a child was tested in
the second wave on village flood exposure, the
fraction of villages exposed to the floods in the
state between waves and first-wave values for
gender, age, caste/religion group, income quin-
tiles, main income source of the household,
mother’s and father’s education, and total
households in the village. We calculate final
weights by multiplying the inverse of propen-
sity to take the second-wave tests with the
sample-design weights from the first wave of
the THDS.

Analytic Approach

First, we consider whether exposure to floods
differs by groups defined by children’s gender
and ages, caste or religion, income quintile,
whether agriculture is main income source,
and parental education. Second, we estimate a
series of ordinary least squares (OLS) regres-
sions with each of three dependent variables—
grade-for-age, math skills, and reading skills.
For each outcome, we begin by estimating
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equation (1)—a main-effects model denoted as
model (1) in the tables:

Outcomes = a, + pyfe + B,sfe + p,g + p,age
+ Bisg + Psig + pmsi
+ pmeduc + B, feduc + ¢ @

The right-side variables in this model are vil-
lage flood exposure (vfe), state flood exposure
(sfe), children’s gender (g) and age (age), social
(caste or religion) group (sg), household-
income quintile (ig), household main source of
income (msi), mother’s (meduc) and father’s
(feduc) grades of education, and a random term
(&)

For each outcome, a second specification,
model (2) in the tables, adds interactions of
each of the main-effects variables with the vil-
lage flood-exposure variable. This specification
allows us to investigate whether the impact of
floods on education differs by social group,
children’s gender and age, income quintiles,
whether agriculture is the main income source,
and parental education. A third specification,
model (3) in the tables, incorporates village
fixed effects along with interactions. Adding
the village fixed effects allows us to account for
fixed factors at the village level between the two
survey waves that were not included in the
models but might also be associated with chil-
dren’s learning. For instance, using village fixed
effects helps account for the fact that children
with better resources are likely to live in villages
that are less flood exposed or have access to
better schools. This is our preferred specifica-
tion. Finally, a fourth specification, model (4),
is estimated in the tables for the math and
reading tests. Model (4) adds grade-for-age and
its interaction with village flood exposure to
model (2), with main effects and the interac-
tions of the main effects with the village flood
exposure. This specification allows exploration
of whether grade-for-age is a mediating mecha-
nism through which floods affect learning in
the interaction model.

RESULTS

Table 1 presents descriptive statistics of the raw
data for children ages eight to eleven years old
in the IHDS second wave. Indian children typi-
cally are in grades two through six during these
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ages. The mean score of 2.33 in math suggests
that an average child did better than recogniz-
ing numbers but was unable to do basic arith-
metic operations such as subtraction. A mean
score of 3.33 in reading implies that an average
child could read words but had difficulties
reading an entire paragraph. The mean grade-
for-age below 1.0 suggests that, on average, ru-
ral children have completed fewer grades rela-
tive to age than they would have were they to
enter school on time and progress one grade
each year.

One-third of the children lived in villages
that were exposed to floods between 2006 and
2011. On average, 35 percent of villages in each
state were exposed to floods during this period.
The mean age in the sample is 9.5 years and 48
percent are girls. Hindu Scheduled Castes,
Scheduled Tribes, and Muslims—groups that
have been historically marginalized and dis-
criminated against— are 46 percent of the sam-
ple. Hindu Other Backward Castes, an officially
recognized collection of castes that have re-
mained socioeconomically poor, are 38 percent
of the sample. The most privileged caste and
religious group, Hindu Upper Castes, are 14
percent of the sample. One percent of children
belong to non-Hindu-and-Muslim identities—
classified here as “Other.” More than half of the
children belong to households with incomes in
the lowest two income quintiles. Agriculture is
the main income source for 57 percent of our
sample households. Fathers of children aver-
aged 5.2 grades of education, two more grades
than their mothers, who averaged 3.2 grades.

Vulnerability Across Background
Characteristics

Table 2 presents sample distributions of flood
exposure by background characteristics. No dif-
ferences by gender or age are significant.
Among social groups, Hindu Other Backward
Castes, Muslim, and Hindu Scheduled Caste
children are most likely to be exposed to floods.
Scheduled Tribes and Indigenous children tend
to live in forests or hilly regions with relatively
low flood exposure. Children in higher
household-income quintiles and with higher
parental education are less exposed to floods.
Children from agricultural households are
more likely to be living in flood-prone villages.
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Table 1. Summary Statistics of Rural Children, Ages Eight to Eleven, for Variables Used in
Regression Analysis

Mean/Proportions Std.
Outcomes
Math2 2.33 0.96
Reading® 3.32 1.42
Grade-for-age® 0.94 0.45
Flood exposure
Village flood exposure? 0.33 0.47
State flooding index® 0.35 0.17
Demographic characteristics
Femalef 0.48 0.50
Age (years) 9.50 1.08
Caste or religion
Hindu Upper Castes 0.14 0.35
Hindu Other Backward Castes 0.38 0.49
Hindu Scheduled Castes 0.24 0.43
Scheduled Tribes or Indigenous 0.09 0.29
Muslim 0.13 0.34
Other 0.01 0.09
Socioeconomic status?
Income quintiles
Poorest quintile 0.25 0.43
Second quintile 0.26 0.44
Third quintile 0.21 0.41
Fourth quintile 0.15 0.36
Richest quintile 0.12 0.32
Agriculture main income source 0.57 0.50
Mother's education (grades) 3.22 4.03
Father’s education (grades) 5.15 4.51

Source: Authors’ calculations based on Indian Human Development Survey (Desai, Vanneman,
and NCAER 2019).

Note: N = 7,284. The sample includes only rural children. All statistics are using attrition
weights constructed based on propensity score reweighting.

2 Math skills based on children’s performance on math assessment test: 1 = cannot recognize
numbers, 2 = able to recognize numbers, 3 = do subtraction, 4 = do division.

b Reading skills based on children’s performance on reading assessment test: 1 = cannot recog-
nize letters in the alphabet, 2 = recognize letters in the alphabet, 3 = read words, 4 = read
paragraphs, 5 = read stories.

¢ Grade-for-age grade / age six, where grade and age are current grade and age of the child.

4 Village flood exposure: 0 = no flood, 1 = one or more episodes of floods between 2006 and
2011.

e State flood index refers to the fraction of total villages in a state exposed to one or more epi-
sodes of floods between 2006 and 2011.

fFemale: 0 = male, 1 = female.

9 Unequal distribution of income quintiles is because quintiles are generated at the household
level based on household total income.
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Table 2. Percentage Flood Exposed by Background Characteristics

Flood-group
Number in independence
Percentage category test (x?)
Gender n.s.
Male 32.6 3,873
Female 34.0 3,411
Child’s age (years) n-s-
Eight 34.9 1,714
Nine 32.2 1,739
Ten 33.4 2,233
Eleven 32.3 1,598
*%k%
Caste-religion
Hindu Upper Castes 30.1 1,156
Hindu Other Backward Castes 36.1 2,603
Hindu Scheduled Castes 34.4 1,805
Scheduled Tribes or Indigenous 221 725
Muslim 35.3 905
Other 11.7 90
*k%k
Income quintiles
Poorest quintile 38.8 1,733
Second quintile 35.5 1,852
Third quintile 32.9 1,524
Fourth quintile 27.6 1,188
Richest quintile 24.3 987
*kk
Main income source
Nonagriculture 31.9 3,107
Agriculture 34.3 4,177
*kk
Mother’s education
None 36.0 3,771
Primary 31.3 1,380
Middle or secondary 28.1 1,771
High school or more 34.8 362
*kk
Father’s education
None 36.4 1,953
Primary 35.9 1,875
Middle or secondary 28.0 2,559
High school or more 33.3 897

Source: Authors’ calculations based on Indian Human Development Survey (Desai,
Vanneman, and NCAER 2019).
+p<.1,*p<.05 * p<.01;***p<.001

RSF: THE RUSSELL SAGE FOUNDATION JOURNAL OF THE SOCIAL SCIENCES



FLOODS AND CHILDREN’S EDUCATION IN RURAL INDIA

Educational Outcomes by

Exposure and Group

Figures 1 through 3 show distributions of means
of the outcome measures by background char-
acteristics. For children’s grade-for-age (figure
1), children from villages not exposed to floods
tend to have positive and greater means relative
to those from flood-exposed villages across var-
ious background characteristics. With the ex-
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ception of girls, children from all marginalized
groups, including those from agricultural
households, are likely to have worse grade pro-
gression than privileged groups. Children from
agricultural households are better off relative
to nonagricultural households, perhaps in part
because the latter group includes nonagricul-
tural daily wage earners.

For children’s math and reading skills (fig-

Figure 1. Distribution of Grade-for-Age by Variables Used in Regression Analysis

Gender
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Source: Authors’ calculations based on Indian Human Development Survey (Desai, Vanneman, and

NCAER 2019).

Note: Two sample t-tests for equality of means between grade-for-age and categories of variables in
the x-axis are statistically significant at 5 percent for all except Hindu OBC and Other in caste-religion;
the fourth and richest quintiles; mothers with middle or secondary and high school or more; and fa-

thers with high school or more.
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Figure 2. Distribution of Math Skills by Variables Used in Regression Analysis
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Source: Authors’ calculations based on Indian Human Development Survey (Desai, Vanneman, and

NCAER 2019).

Note: Two sample t-tests for equality of means between math skills and categories of variables in the
x-axis are statistically significant at 5 percent for all except Other in caste-religion; the third, fourth,
and richest quintiles; mothers with primary education; and fathers with high school or more.

ures 2 and 3), children from flood-exposed vil-
lages have lower mean skills than those in
villages not exposed. Scores increase with age.
Girls (in the case of math) and children be-
longing to marginalized caste or religious
groups have worse skills relative to less-

marginalized children in their respective
groups. Higher income quintiles and higher
parental education are associated with higher
skills. Even within villages exposed to floods,
higher parental education is associated with
higher skills.
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Figure 3. Distribution of Reading Skills by Variables Used in Regression Models
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i) [
= 5 5 5
& 4 & 4
@ @
g 3 g 3
2 2 )
T o1 T o1
Q Q
Ao ]
Male Female 8 9 10 11
Caste-religion Income quintiles
g 5 g 5
19 9]
& 4 g 4
@ @
g 3 g 3
00 o0
£ 2 g 2
E B o1
1
4 4
0 0
Hindu Hindu Hindu ST Muslim Others Poorest Second  Third Fourth Richest
uc OBC sC quintile quintile quintile quintile quintile
Main income source Mother’s education
g’ ’
o]
g 4 £ 4
- Q
g 3 2 3
2, g,
g o0
3 E
& 1 E 1
0 &0
Agricultural Non-agricultural No school  Primary  Middle or High school
secondary  or more
Father’s education
L 5
19)
2 4
o
w
8 37
50 1 No flood = Flood
£ 2
B
g 1
0 e

No school  Primary Middle  High school
or secondary or more

Source: Authors’ calculations based on Indian Human Development Survey (Desai, Vanneman, and
NCAER 2019).

Note: Two sample t-test for equality of means between reading skills and categories of variables in the
x-axis are statistically significant at 5 percent for all except Other in caste-religion; the third, fourth,
and richest quintiles; mothers with primary education; fathers with middle or secondary schooling.

OLS Analyses of Grade-for-Age better than boys, and older children are further
The first model in table 3 shows the main ef- behind than younger children. Muslim, Hindu
fects. The coefficient estimates for village flood  Other Backward Caste, and Scheduled Tribe or
exposure and state flood index are both nega- Indigenous children are significantly behind
tive (though the former is significant only at  relative to Hindu Upper Caste children. How-
the 0.10 level), suggesting that children in ever, it is puzzling that children from the two
flood-exposed areas fall behind. Girls perform  highest income quintiles households are be-
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hind relative to those from the poorest quintile.
A possible explanation for this could be that
such children start later by their parents’
choice, or that they attend higher-quality and
more-demanding schools in which grade pro-
motion is less automatic. Higher parental edu-
cation, about twice as much for mothers as for
fathers, is associated with higher grade attain-
ment for age. The second and third columns
present estimates with, in addition to the main
effects, interactions between village flood expo-
sure and other main-effects-model variables. In
addition, the third column has village fixed ef-
fects and is our preferred model. We focus here
on the significant estimates of the coefficients
of the interactions, which indicate how the as-
sociations with village floods differ from the
overall average effects for the background char-
acteristics interacted with the village flood vari-
able.? The patterns of the estimates of interac-
tions are similar between columns 2 and 3 with
the exceptions that agricultural households
have a significantly positive coefficient and
Hindu Other Backward Castes have a negative
coefficient in column 2, which are no longer
significant in column 3 with the control for vil-
lage fixed effects. After accounting for the fixed
village-level characteristics in column 3, a pos-
itive coefficient estimate of household income
suggests that richer children are better able to
moderate the negative association between
flood exposure and grade-for-age in compari-
son with children from lowest income quintile.
Our model also finds that mothers with more
education can significantly moderate probabil-
ities of children falling behind with flood expo-
sure relative to those with less education.

OLS Analysis of Academic Skills

Table 4 presents estimates for age-standardized
math skills as the dependent variable to facili-
tate interpretation. The main-effects model
(column 1) shows a statistically significant neg-
ative association of -0.141 SD between village
flood exposure and math, holding constant all

other sociodemographic variables in the
model. Although negative, the coefficient esti-
mate for the state-flooding index is not signifi-
cantly associated with math performance. Girls
(-0.138 SD) and children from Hindu Scheduled
Castes (-0.141 SD), Scheduled Tribes and Indig-
enous (ST) (-0.329 SD), and Muslims (-0.177 SD)
perform significantly worse in math relative to
the reference groups (that is, boys and children
from Hindu Upper Castes). Children from
richer households perform better than those
from the poorest. Children whose parents have
more education rank higher in math. The coef-
ficient estimate for households where agricul-
ture is the main source of household income,
although negative, is not statistically signifi-
cant. Among the significant effects, the largest
in absolute values are for Scheduled Tribe and
Indigenous children, highest income quintile
children, Muslim children, and Hindu Sched-
uled Caste children, indicating that these char-
acteristics are more important predictors than
gender, parental education, and differences in
the lower income quintiles.

Column 2 shows coefficient estimates with,
in addition to the main effects, interactions be-
tween village flood exposure and each of the
main-effects-model variables. The significant
coefficient estimates for the interaction terms
suggest that Muslim children are more vulner-
able to the negative influence of flood exposure
on math than children from Hindu Upper
Caste households, and that richer households
may also be more able to protect learning
among their children in the event of flood ex-
posure.

In the village-fixed-effect regression esti-
mates (column 3), the coefficient estimates for
the interactions with the highest two income
quintiles continue to be positive (implying a
protective effect of approximately a third of a
standard deviation for being in the fourth
rather than the first quintile, with the fifth
quintile estimate not significantly different
from the fourth).’ The coefficient estimate for

2. Once the interactions are included, the coefficient estimates of the main-effect variables refer to the overall
reference category (that is, boys, Hindu Upper Caste, poorest income quintile, main income source nonagricul-
ture, and so on), which is not of particular interest for this article, so we do not discuss these estimates extensively

given space constraints.

3. The p-value for a t-test of difference in coefficients is .148.
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Table 3. Coefficient Estimates from OLS Regression of Grade-for-Age

(3)
(2) Village Fixed
(1) Flood Effects
Main Effects  Interactions (Preferred)
Main effects
Flood exposure
Village flood exposure (ref.: no floods) -0.022+ -0.423***
(0.011) (0.110)
State flooding index -0.455%** -0.469***
(0.032) (0.038)
Demographic characteristics
Female (ref.: male) 0.029** 0.025* 0.028*
(0.010) (0.012) (0.012)
Age -0.055*** -0.062*** -0.062***
(0.005) (0.006) (0.006)
Caste-religion (ref.: Hindu Upper Castes)
Hindu Other Backward Castes -0.066*** -0.099*** -0.039
(0.016) (0.019) (0.024)
Hindu Scheduled Castes -0.004 -0.011 -0.059*
(0.018) (0.021) (0.025)
Scheduled Tribes or Indigenous -0.052* -0.052* -0.095**
(0.022) (0.025) (0.036)
Muslim -0.179*** -0.185*** -0.130***
(0.02) (0.024) (0.035)
Other -0.049 -0.051 -0.181*%
(0.059) (0.063) (0.089)
Socioeconomic status
Income quintiles (ref.: poorest quintile)
Second quintile -0.015 -0.030+ -0.056**
(0.014) (0.018) (0.018)
Third quintile -0.018 -0.026 -0.032+
(0.015) (0.018) (0.020)
Fourth quintile -0.057*** -0.089*** -0.058**
(0.017) (0.020) (0.022)
Richest quintile -0.080*** -0.138*** -0.086***
(0.019) (0.023) (0.026)
Agricultural household (ref.: non-agricultural 0.013 0.001 -0.013
household) (0.01) (0.013) (0.015)
Mother’s education (grades) 0.016*** 0.014*** 0.005*
(0.002) (0.002) (0.002)
Father's education (grades) 0.008*** 0.008*** 0.008***
(0.001) (0.002) (0.002)
Village flood interactions
Flood exposure
State flooding index 0.071
(0.071)
Demographic characteristics
Female 0.009 -0.018
(0.021) (0.021)
Age 0.024* 0.014
(0.010) (0.010)
(continued)
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Table 3. (continued)

(3)
(2) Village Fixed
(1) Flood Effects
Main Effects  Interactions (Preferred)
Caste-religion
Hindu Other Backward Castes 0.103** 0.061
(0.034) (0.041)
Hindu Scheduled Castes 0.032 0.073
(0.038) (0.045)
Scheduled Tribes or Indigenous -0.024 0.091
(0.051) (0.071)
Muslim 0.029 -0.015
(0.043) (0.058)
Other 0.024 0.094
(0.181) (0.220)
Socioeconomic status
Income quintiles
Second quintile 0.037 0.089**
(0.029) (0.03)
Third quintile 0.018 -0.002
(0.031) (0.033)
Fourth quintile 0.110** 0.074+
(0.036) (0.039)
Richest quintile 0.221%** 0.180***
(0.042) (0.047)
Agricultural household 0.044* 0.031
(0.022) (0.025)
Mother’s education (grades) 0.006+ 0.008*
(0.003) (0.004)
Father's education (grades) -0.001 0.002
(0.003) (0.003)
Constant 1.595%** 1.719%** 1.475%**
(0.051) (0.061) (0.049)
N 7,284 7,284 7,284
R? 0.107 0.116 0.418
Akaike information criterion 8,227.780 8,185.581 5,126.425
Bayesian information criterion 8,344.968 8,406.171 5,326.334

Source: Authors’ calculations based on Indian Human Development Survey (Desai, Vanneman,

and NCAER 2019).

Note: Standard errors in the second row. Coefficients are weighted using attrition weights cal-

culated based on response propensities.
+p<.1;*p<.05 ¥ p<.01;*** p<.001

Muslim, however, is no longer statistically sig-
nificant, even though the magnitude of the es-
timate is not changed substantially from that
in column 2, because the precision of this esti-
mate declines with the village fixed effects. The

interaction coefficient on flood exposure and
gender is significantly negative for girls with
controls for village fixed effects (protective ef-
fect for boys of about a tenth of a standard de-
viation). In regard to interactions with the flood
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Table 4. Coefficient Estimates from OLS Regression of Age-Standardized Math Skills

(3) (4)
(2) Village Fixed Flood
(1) Flood Effects Interactions +

Main Effects Interactions  (Preferred) Grade-for-Age

Main Effects
Flood exposure
Village flood exposure (ref.: no floods) -0.141%** -0.197 0.105
(0.025) (0.239) (0.242)
State flooding index -0.086 0.001 0.000 0.274%**
(0.070) (0.083) () (0.081)
Demographic characteristics
Female (ref.: male) -0.138*** -0.119%** -0.115%** -0.134%**
(0.022) (0.026) (0.027) (0.026)
Age -0.004 -0.007 -0.006 0.030*
(0.010) (0.012) (0.012) (0.012)
Caste-religion (ref.: Hindu Upper Castes)
Hindu Other Backward Castes -0.024 -0.022 -0.054 0.036
(0.035) (0.042) (0.053) (0.040)
Hindu Scheduled Castes -0.141%** -0.103* -0.246%** -0.097*
(0.038) (0.046) (0.056) (0.044)
Scheduled tribes or Indigenous -0.329*** -0.333*** -0.331%** -0.303***
(0.048) (0.055) (0.080) (0.053)
Muslim -0.177*** -0.105* -0.017 0.003
(0.043) (0.052) (0.078) (0.051)
Other 0.029 0.045 -0.320 0.074
(0.127) (0.136) (0.196) (0.132)
Socioeconomic status
Income quintiles (ref.: poorest quintile)
Second quintile 0.011 -0.052 -0.093* -0.034
(0.030) (0.038) (0.041) (0.037)
Third quintile 0.084** 0.037 -0.014 0.052
(0.032) (0.040) (0.043) (0.038)
Fourth quintile 0.117** 0.020 -0.093* 0.071*
(0.036) (0.043) (0.050) (0.042)
Richest quintile 0.290*** 0.224*** 0.043 0.305%**
(0.041) (0.049) (0.057) (0.047)
Agricultural household (ref.: non- -0.032 -0.012 0.056* -0.013
agricultural household) (0.022) (0.027) (0.033) (0.026)
Mother’s education (grades) 0.044*** 0.042%** 0.042%** 0.034***
(0.003) (0.004) (0.005) (0.004)
Father's education (grades) 0.027*** 0.025%** 0.023*** 0.020%**
(0.003) (0.004) (0.004) (0.003)
Educational progress
Grade-for-age 0.583***
(0.030)
Village flood interactions
Flood exposure
State flood index -0.215 -0.274*
(0.155) (0.151)

(continued)
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Table 4. (continued)

(3) (4)
(2) Village Fixed Flood
(1) Flood Effects Interactions +
Main Effects Interactions  (Preferred) Grade-for-Age
Demographic characteristics
Female -0.056 -0.111% -0.060
(0.046) (0.046) (0.044)
Age 0.010 -0.011 -0.006
(0.021) (0.021) (0.021)
Caste-religion
Hindu Other Backward Castes -0.014 0.072 -0.074
(0.074) (0.089) (0.072)
Hindu Scheduled Castes -0.108 0.034 -0.126
(0.082) (0.099) (0.079)
Scheduled Tribes or Indigenous 0.036 0.033 0.046
(0.111) (0.157) (0.107)
Muslim -0.190* -0.201 -0.214*
(0.093) (0.127) (0.090)
Other -0.007 0.242 -0.022
(0.391) (0.485) (0.377)
Socioeconomic status
Income quintiles
Second quintile 0.149* 0.106 0.128*
(0.063) (0.066) (0.060)
Third quintile 0.107 0.043 0.096
(0.067) (0.073) (0.065)
Fourth quintile 0.296*** 0.343*** 0.233**
(0.077) (0.086) (0.075)
Richest quintile 0.196* 0.187* 0.071
(0.092) (0.103) (0.089)
Agricultural household -0.055 -0.093* -0.078*
(0.048) (0.056) (0.046)
Mother’s education (grades) 0.004 -0.004 0.001
(0.007) (0.008) (0.007)
Father's education (grades) 0.006 0.007 0.007
(0.006) (0.007) (0.006)
Educational progress
Grade-for-age -0.044
(0.052)
Constant -0.117 -0.088 -0.052 -1.090***
(0.109) (0.132) (0.108) (0.138)
N 7,284 7,284 7,284 7,284
R? 0.136 0.141 0.414 0.200
Akaike information criterion 19,459.460 19,448.510 16,651.847 18,933.109
Bayesian information criterion 19,576.648 19,669.100 16,851.757 19,167.486

Source: Authors’ calculations based on Indian Human Development Survey (Desai, Vanneman, and

NCAER 2019).

Note: Standard errors in parentheses. Coefficients are weighted using attrition weights calculated

based on test response propensities.
*p<.d,*p<.05* p<.01,** p<.001
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exposure variable, the other Hindu categories
are not significantly disadvantaged relative to
Hindu Upper Castes and parental education
does not have significant coefficient estimates
in any of the three sets of interaction estimates.
Overall, our results indicate that even though
children face marginalization of various forms,
the economic resources of their households are
likely to help them overcome loss in mathemat-
ical achievement in villages when floods occur.
Furthermore, boys’ math achievement is af-
fected less than girls.

Finally, column 4 includes main effects, in-
teractions, and grade-for-age (and its interac-
tion with village flood exposure) to control for
a possible mechanism through which floods
might affect learning. The coefficient estimate
on grade-for-age is not significantly nonzero,
suggesting that this is not an important mech-
anism for math, so we do not discuss the other
coefficient estimates here.

Table 5 presents estimates for age-
standardized reading skills as the dependent
variable. The estimates generally follow similar
patterns to those for math skills in table 4. The
only difference for the basic main-effects model
(column 1) is the significantly negative coeffi-
cient estimate (-0.255 SD) for the state flood
index for reading, in addition to the signifi-
cantly negative estimate for village flood expo-
sure (-0.118 SD). When interactions are added
(column 2), for reading but not for math, the
significant negative interaction between the vil-
lage and the state flood variables indicates
greater negative effects of village floods in
states in which floods are more prevalent. For
reading, the coefficient estimate for interac-
tions of village floods is negative and margin-
ally significant for Scheduled Tribes but not for
Muslims. This contrasts with the coefficient es-
timate for math, which is negative and signifi-
cant only for Muslims. Column 3 presents vil-
lage fixed effects coefficient estimates. Unlike
in math skills, the economic resources of chil-
dren’s households and child’s gender do not
seem to have significant protective effects
against loss in reading achievement in villages
when floods occur. When the grade-for-age vari-
able is added (column 4), one difference for
reading versus math is that for reading the
grade-for-age variable is marginally signifi-
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cantly negative, consistent with grade-for-age
possibly being one mechanism though which
floods affect learning. Most of the other esti-
mates are similar to those for the interactions
model (column 2) except that interactions with
Other Backward Castes and the richest quintile
have marginally significant negative coefficient
estimates, the latter of which is puzzling.

DISCUSSION AND CONCLUSIONS
Climate change is a growing global concern.
One manifestation is increased flooding, par-
ticularly in LMICs in which protective mea-
sures for flooding are often limited, but also in
high-income countries such as the United
States. Relatively little is known, however,
about the relations between flooding in LMICs
and children’s education, though a priori it
would seem that important negative effects due
to flood impacts on school infrastructures, ac-
cess to schools, and time used for children’s
learning are possible. Moreover, such effects
may be relatively large for marginalized chil-
dren as identified by gender, caste, religion,
and socioeconomic status.

This article contributes to the limited litera-
ture by characterizing differential exposure to
floods for different marginalized groups and
estimating empirical relations between flood
exposure and educational outcomes for chil-
dren in rural areas in India, a country that has
substantial and increasing flood exposure and
has the world’s largest population of school-age
children. Our emphasis is not on school enroll-
ments and educational attainment, as in much
of the literature on education in LMICs. In-
stead, we focus on timely progress and what
children actually know about basic math and
reading—whether or not they were in school at
the time of the surveys. This approach is an
improvement on studies that are limited to
children in school, which is likely to be a se-
lected subpopulation.

This article highlights the importance of
distinguishing differential exposures and dif-
ferential impacts in analyzing social stratifica-
tion in the experience of disruption in child-
hood. The characterization of differential
exposure to floods for different marginalized
groups shows that differences are significant—
by caste or religious group, with marginalized
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Table 5. Coefficient Estimates from OLS Regression of Age-Standardized Reading Skills

(3) (4)
(2) Village Fixed Flood
(1) Flood Effects Interactions +
Main Effects Interactions (Preferred) Grade-for-Age
Main effects
Flood exposure
Village flood exposure (ref.: no floods) -0.118***  -0.133 -0.023
(0.025) (0.244) (0.248)
State flood index -0.255**  -0.110 0.000 0.143*
(0.071) (0.085) () (0.083)
Demographic characteristics
Female (ref.: male) -0.031 -0.028 -0.028 -0.042
(0.022) (0.027) (0.028) (0.026)
Age -0.005 -0.012 0.003 0.022*
(0.010) (0.013) (0.013) (0.012)
Caste-religion (ref.: Hindu Upper Castes)
Hindu Other Backward Castes -0.006 0.019 -0.060 0.072*
(0.035) (0.043) (0.054) (0.041)
Hindu Scheduled Castes -0.212%**  -0.185*** -0.283*** -0.179***
(0.039) (0.047) (0.057) (0.045)
Scheduled tribe or Indigenous -0.307***  -0.257*** -0.287*** -0.229***
(0.049) (0.056) (0.082) (0.055)
Muslim -0.219***  -0.208*** -0.098 -0.108*
(0.044) (0.054) (0.080) (0.052)
Other -0.221* -0.224 -0.551** -0.197
(0.130) (0.139) (0.201) (0.135)
Socioeconomic status
Income quintiles (ref.: poorest quintile)
Second quintile 0.051 0.007 0.003 0.023
(0.031) (0.039) (0.042) (0.037)
Third quintile 0.045 0.028 0.033 0.042
(0.033) (0.041) (0.044) (0.039)
Fourth quintile 0.066* 0.002 -0.033 0.050
(0.036) (0.044) (0.051) (0.043)
Richest quintile 0.162*** 0.162** 0.101* 0.237***
(0.042) (0.050) (0.058) (0.048)
Agricultural household (ref.: non- -0.034 -0.019 0.060* -0.020
agricultural household) (0.023) (0.028) (0.034) (0.027)
Mother’s education (grades) 0.043*** 0.040%** 0.035*** 0.032***
(0.003) (0.004) (0.005) (0.004)
Father's education (grades) 0.029*** 0.028*** 0.024*** 0.024%***
(0.003) (0.004) (0.004) (0.004)
Educational progress
Grade-for-age 0.540%**
(0.031)
Village flood interactions
Flood exposure
State flood index -0.509** -0.511%**
(0.158) (0.155)
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Table 5. (continued)

(3) (4)
(2) Village Fixed Flood
(1) Flood Effects Interactions +
Main Effects Interactions (Preferred) Grade-for-Age
Demographic characteristics
Female -0.002 -0.082* -0.010
(0.047) (0.047) (0.045)
Age 0.022 -0.027 0.013
(0.022) (0.022) (0.021)
Caste-religion
Hindu Other Backward Castes -0.074 0.042 -0.130*
(0.076) (0.092) (0.074)
Hindu Scheduled Castes -0.075 0.052 -0.094
(0.084) (0.101) (0.081)
Scheduled Tribe or Indigenous -0.211* -0.185 -0.192*
(0.114) (0.161) (0.110)
Muslim -0.018 -0.069 -0.020
(0.095) (0.130) (0.092)
Other 0.169 0.355 0.159
(0.400) (0.498) (0.386)
Socioeconomic status
Income quintiles
Second quintile 0.105 0.063 0.084
(0.064) (0.068) (0.062)
Third quintile 0.029 -0.096 0.020
(0.069) (0.075) (0.066)
Fourth quintile 0.193* 0.147* 0.132*
(0.079) (0.088) (0.076)
Richest quintile -0.035 0.019 -0.162*
(0.094) (0.106) (0.091)
Agricultural household -0.048 -0.080 -0.076
(0.049) (0.057) (0.047)
Mother’s education (grades) 0.010 0.008 0.005
(0.007) (0.008) (0.007)
Father's education (grades) 0.002 0.008 0.003
(0.007) (0.007) (0.006)
Educational progress
Grade-for-age 0.090*
(0.053)
Constant -0.083 -0.053 -0.148 -0.981%**
(0.112) (0.135) (0.111) (0.141)
N 7,284 7,284 7,284 7,284
R? 0.121 0.125 0.398 0.184
Akaike information criterion 19,772.461 19,769.331 17,039.803 19,270.257
Bayesian information criterion 19,889.649 19,989.921 17,239.713 19,504.634

Source: Authors’ calculations based on Indian Human Development Survey (Desai, Vanneman, and
NCAER 2019).

Note: Standard errors in parentheses. Coefficients are weighted using attrition weights calculated
based on test response propensities.

+p<.1,*p<.05 **p<.01;,*** p<.001
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Hindu castes and Muslims more exposed; by
socioeconomic status, with children from
poorer households with parents with less edu-
cation more exposed; and by major income
source, with agricultural households some-
what more exposed. In short, we show substan-
tial evidence of differential exposures across
many of the key stratifiers in Indian society.
Findings demonstrate a lack of significant dif-
ferences in exposure by gender or age.

In contrast, the estimation of effect hetero-
geneity of flood exposure tells a slightly differ-
ent story. Our preferred village fixed-effects
specifications finds the following three signifi-
cant (in some cases marginally significant)
flood-social group interactions: flood effects on
increasing grade-for-age are greater for poorer
income quintiles; flood effects reduce math
skills more for girls and poorer households;
and flood effects reduce reading skills more for
girls but the fourth income quintile is protec-
tive. In these estimates for the three educa-
tional outcomes, age, caste-religion, agricul-
tural main income source, and parental
education do not significantly interact with
flood exposure. Overall, the number of interac-
tions is limited and many of the significant
ones are not very large in magnitude. In short,
although marginalized children are dispropor-
tionately likely to experience floods, relative to
other rural children, systematic evidence is less
of disproportionate educational penalties rela-
tive to the penalties other children face when
floods do occur. In other estimates, we investi-
gate the possibility that grade-for-age is a
mechanism for the impacts of floods on learn-
ing, but only find marginally significant coef-
ficient estimates for reading and not for math.

This study has limitations. The data used
permit estimates of associations, not of causal
effects.* Flood exposure may be operating as a
proxy, in part for a constellation of other asso-
ciated factors that make some children more
vulnerable, though we control for a number of
observed variables and, in our preferred esti-
mates, for unobserved village characteristics.
Moreover, the outcome variables pertain only

DISPARATE EFFECTS OF DISRUPTIVE EVENTS ON CHILDREN

to grade-for-age and to fairly limited categorical
indicators of basic mathematics and reading,
not to more nuanced learning or to more ad-
vanced learning. Finally, it is important to ac-
knowledge that these findings likely underrep-
resent the scale of disparities across all children
in India, because urban children as a group en-
joy educational and economic advantages and
our sample focuses on disparities within the
rural population.

Nevertheless, this study contributes to a
very limited literature about flood exposure
and education by analyzing the case of India—
a LMIC with the largest population of school-
age children in the world. Findings suggest the
need to better understand the impacts of flood-
ing on educational outcomes among marginal-
ized populations in other LMICs as well as in
high-income countries (Azevedo et al. 2021; EPA
2021; Lieberman-Cribbin et al. 2021). Findings
also highlight the need for further efforts to
identify causal relations and mitigating factors.
One policy implication is that effective strate-
gies need to be designed, piloted, and imple-
mented to minimize disproportionate expo-
sure and its adverse educational outcomes for
marginalized children—both in LMICs such as
India and in high-income countries (EPA 2021;
Kousky 2016; World Bank 2019). The effective-
ness of such strategies in LMICs could have im-
portant implications for the composition—that
is, development versus disaster relief—and the
amount of aid flows from high-income coun-
tries and international organizations to LMICs.
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