
The Child Education and Health Ethnic Inequality
Consequences of Climate Shocks in Vietnam*

Trinh Pham†

August 29, 2022

This article can be cited as

Pham, T. “The child education and health ethnic inequality consequences of climate shocks in
Vietnam,” Economics of Education Review, Volume 90, 2022, 102311.

https://doi.org/10.1016/j.econedurev.2022.102311.
(https://www.sciencedirect.com/science/article/pii/S027277572200084X)

*A previous version of this paper was circulated as “Adverse Rainfall Shocks and Child Outcomes:
Evidence from Rural Vietnam.” I am grateful to Chris Barrett for his guidance and support throughout the
project. I would like to thank the editor and two anonymous reviewers whose comments and suggestions
helped improve and clarify this manuscript. Thank you to Brian Dillon, Paul Glewwe, John Hoddinott,
Hyuncheol Kim, Shanjun Li, Ariel Ortiz-Bobea, and other participants at the Development Microeconomics
Seminar at Cornell University for helpful comments and suggestions on previous versions of the paper;
the Deutsche Forschungsgemeinschaft project “Poverty dynamics and sustainable development: A long-
term panel project in Thailand and Vietnam, 2015–2024” and the General Statistics Office of Vietnam for
sharing data with me, and the Goddard Earth Sciences Data and Information Services Center (GES DISC)
for making weather data publicly available. Any errors are my own. This research did not receive any
specific grant from funding agencies in the public, commercial, or not-for-profit sectors. Declarations of
interest: none.

†Dyson School of Applied Economics and Management, Cornell University. Email: tp347@cornell.edu;
410 Warren Hall, 137 Reservoir Ave, Ithaca, NY 14853, United States.

https://www.sciencedirect.com/science/article/pii/S027277572200084X


The Child Education and Health Ethnic Inequality
Consequences of Climate Shocks in Vietnam

Abstract

This paper provides a new explanation for ethnic disparities in education and health

in Vietnam by studying the relationship between frequent, small-scale adverse rainfall

shocks and child human capital. Exploiting plausibly random year-to-year variation in

weather data that are linked to a longitudinal household- and individual-level dataset

over the period 2008-2017, I find that excess rainfall during the annual typhoon season re-

sults in lower child subjective health status and school enrollment, with disproportionate

effects on children of ethnic minorities. The negative lagged effects on education are con-

centrated in children at primary school start age, suggesting delaying children’s school

entry is a shock-coping strategy for poor ethnic minority households, albeit with poten-

tially big negative long-run effect on their child lifetime earnings. Estimates suggest that

rainfall shocks can explain approximately 28% of the observed ethnic gap in enrollment

rates of children age 16-18 in the sample during the study period, and most is due to het-

erogeneous effects of rainfall shocks among ethnic groups, not differences in exposure to

rainfall shocks.

Keywords: rainfall shocks, child human capital, ethnic disparities, developing countries,

Vietnam

JEL Codes: I14, I24, J15, Q54
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1 Introduction

It is well documented that climate and weather shocks affect various economic outcomes

(Dell, Jones, and Olken 2014). A growing literature links climate change and associated

weather events to worsening inequality. Global warming increased the per capita out-

put gap between richest and poorest nations by roughly 25% over the period 1961-2010

(Diffenbaugh and Burke 2019). Other forms of (especially within-country) inequality,

however, have received much less attention (Islam and Winkel 2017). Given that hu-

man capital formation is essential to boost labor productivity and foster long-run inno-

vation and growth, and that child education and health have not only intrinsic value but

also stimulate economic advance, understanding the relationship between climate and

within-country human capital inequality is an important, under-researched question.

This paper provides new evidence on the relationship between weather shocks and

ethnic disparities, particularly along health and education dimensions in Vietnam. The

country comprises 54 different ethnic groups with one dominant (Kinh) ethnicity, making

it an especially appropriate venue to study this question. Vietnam exhibits high vulnera-

bility to climate risks (Eckstein, Künzel, Schäfer, and Winges 2020), but has also enjoyed

favorable economic growth and improved living standards over the last two decades, al-

though such progress has not been shared by ethnic minorities, who constituted only 14%

of the population but 73% of the country’s poor in 2016 (World Bank 2018). Ethnic dispar-

ities in education not only persist but have increased, with a particularly worrisome de-

clining rate of enrollment in upper secondary schools among ethnic minorities especially

since 2004 (Dang and Glewwe 2018). Similarly, minority children are disproportionately

undernourished, with one in three suffering from stunting, and one in five underweight

(Mbuya, Atwood, and Huynh 2019)–an alarming rate that is similar to that of many Sub-

Saharan African countries. Earlier explanations for the observed ethnic inequality in the

country include geographic disparities arising from the fact that minorities tend to live in
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less productive, rural areas with less access to markets and non-farm work opportunities,

to public infrastructure, as well as differential returns to individual characteristics (Van de

Walle and Gunewardena 2001), or differences in family background and endowment, es-

pecially parental education and household income (Trieu 2018; Arouri, Ben-Youssef, and

C. Nguyen 2019; H. Nguyen 2019). Given the importance of weather shocks to human

capital formation (Maccini and Yang 2009; Shah and Steinberg 2017; Tiwari, Jacoby, and

Skoufias 2017), differential exposure to or capacity to manage weather risk could be an

important understudied channel for perpetuating ethnic inequality intergenerationally.

Exploring the relationship between weather shocks and ethnic disparities in human

capital can be challenging for several reasons. First, data constraints often confound

causal inference. Previous work often compares those who were exposed to a shock with

those who were not, which can fail to distinguish the effects of weather shocks on hu-

man capital outcomes from other underlying characteristics that are potentially correlated

with the shock (Dell, Jones, and Olken 2014). If there is spatial sorting or selection such

that ethnic majority households who choose to live in low-risk areas differ systematically

from ethnic minorities who live in high-risk areas–which is often the case–then children

exposed to shocks might have had different educational and health outcomes in compar-

ison to other children even had the shock not occurred (Kousky 2016). Second, even with

a panel dataset, attrition caused by mortality or out-migration associated with the shock

could bias estimates. Third, the estimated impacts of rainfall shocks include not only the

direct effects of adverse rainfall but also any actions taken in response (e.g., relief aid) by

governments and other organizations, thus may understate the risks the shocks pose and

the value of emergency relief.

I overcome these challenges by studying the impacts of frequent, small-scale rain-

fall shocks in rural Vietnam over the 2008-2017 period. By linking satellite-based weather

data to a rich longitudinal dataset that covers individual members of approximately 2,000

households from three provinces in the Northern Central Coast and Northwestern Cen-
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tral Highlands regions, I can compare a given individual’s health, and education un-

der various rainfall conditions. In particular, I focus on extreme rainfall during the an-

nual typhoon season (July to November), which overlaps with the summer-autumn and

monsoon harvest of rice, the main staple crop. This approach controls for potential con-

founding factors by utilizing unpredictable and presumably random year-to-year local

variation in rainfall realization during the typhoon season after controlling for individ-

ual and province-year fixed effects. The model includes both current year and previous

year rainfall shocks, which allows me to separately examine the contemporaneous and

lagged effects of rainfall shocks on human capital, a strategy similar to Shah and Steinberg

(2017). The data set has low attrition, which is not significantly correlated with rainfall

shocks. And although the rainfall shocks were significant enough to impact household

and individual behaviors, they were not catastrophic enough to elicit emergency relief ef-

forts by government or external donors, enabling estimation of impacts uncontaminated

by endogenous efforts to cushion shocks’ effects. As a further benefit, the longitudinal

household data also allow me to directly examine potential mechanisms and remedies.

Two main findings emerge about the effects of adverse rainfall shocks on health and

education of children. First, exposure to rainfall shocks in one year neither do not af-

fect same year health status, the likelihood of getting an infectious disease, nor on-time

grade progression conditional on being enrolled. The prior year’s rainfall shocks, how-

ever, lower current year subjective health status but do not affect infectious disease inci-

dence and grade progression once the child is enrolled in school. Both current-year and

previous-year rainfall shocks negatively affect school enrollment.

Second, these results mask significant heterogeneity across ethnic groups. The impacts

of rainfall shocks on school enrollment and perceived health are concentrated among chil-

dren of minority groups. Specifically, while one unit increase in rainfall shocks last year

lowers the probability of being in good health for Kinh children by roughly 10 percent-

age points this year, the effect for minority peers is 17 percentage points. Similarly, while
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previous year rainfall shocks virtually do not affect this year enrollment status of Kinh

children, one unit increase in previous year shocks reduces the probability of being en-

rolled for children of minority group by about 9 percentage points (roughly 10% of the

corresponding sample mean). In addition, last year adverse rainfall shocks result in lower

likelihood of enrollment for ethnic minority children who are around the age of starting

primary school (i.e., 6-9 years old) but virtually do not affect Kinh peers. Previous litera-

ture has documented different shock-coping strategies by poor households such as chang-

ing diet composition (Hou 2010), liquidating assets (Kazianga and Udry 2006), migrating

(Gröger and Zylberberg 2016), and adjusting the timing of child marriage (Corno, Hilde-

brandt, and Voena 2020). This finding suggests another (imperfect) strategy with poten-

tially big negative long-run effect: assuming rainfall shocks cause the child to complete

one less year of schooling (i.e., the age at which schooling is finished does not change)

and the rate of return to one year of schooling is 8%, then rainfall shocks-induced de-

layed school entry can result in a decrease of as much 8% in present discounted life-time

earnings.

Finally, rainfall shocks appear an important contributor to ethnic disparities in upper-

secondary education in Vietnam. Specifically, one additional month of extreme rainfall

this year lowers school enrollment of minority students of upper-secondary school age

(i.e., 16 to 18 years old) by roughly 8-9 percentage points, as compared to their Kinh

peers who are virtually unaffected. This is consistent with the observed persistent and in-

creased ethnic enrollment gap in upper-secondary education, which is almost completely

driven by declining enrollment among ethnic minorities, as opposed to increasing en-

rollment among Kinh students (Dang and Glewwe 2018). Roughly 28% of the gap in

upper-secondary education enrollment between ethnic majority and minority groups can

be explained by rainfall shocks during the typhoon season over the study period.

Previous literature on the impacts of extreme weather events in general, and rainfall

shocks in particular, on child human capital has focused on four main channels: elevated
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risk of infectious diseases, worsen household economic conditions, damages to healthcare

and education facilities, as well as weakening aggregate local economy (labor wages)

(e.g., Shah and Steinberg (2017), Tiwari, Jacoby, and Skoufias (2017), and Zimmermann

(2020)). The null effects of both current and previous year rainfall shocks on infectious

disease incidence suggests that it is not the disease environment associated with excess

rainfall that worsens child health, as observed in other settings.1 The healthcare and

education supply channel likewise does not support the findings on perceived health

and school enrollment. Additional analyses rule out the labor wage channel, and suggest

a negative association between child health (education) and labor participation following

rainfall shocks.

Most analyses in the ethnic disparity literature have focused on geographical factors

such as access to public infrastructure, or social factors such as teacher quality, ethnicity

and cultural bias (Redding 2019; DeJaeghere, Dao, Duong, and Luong 2021). There is es-

pecially a dearth of evidence from developing countries when it comes to the relationship

between the physical environment, natural hazards, and ethnic disparities. Islam and

Winkel (2017) propose three channels through which disadvantaged groups can be more

affected: (i) higher exposure, (ii) higher susceptibility, and (iii) less ability to deal with

and recover from climate shocks. These three together result in a vicious cycle of inequal-

ity and climate shocks. In this paper, I show that it is not the differences in exposure to

rainfall shocks that could have driven more negative effects of rainfall shocks on children

of minority groups. Several studies document that weather-induced agricultural produc-

tivity shocks have disproportionately affected children of less educated households and

marginalized socioeconomic groups, for example, through decreased spending on edu-

cation and increased child labor in India (Nordman, Sharma, and Sunder forthcoming).

In this setting, however, despite no significant ethnic difference exists in the estimated

1For example, Tiwari, Jacoby, and Skoufias (2017) estimate that monsoon rainfall in Nepal negatively
affects child weight for height through altering disease environment, but such impact is relatively small
compared to the positive income effect, which results in a net positive effect.
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lagged effects on household spending and diet composition, the differential lagged ef-

fects of rainfall shocks on child health and enrollment status by ethnicity are significant,

suggesting that mechanisms other than parental investments could have driven these re-

sults.2

The remainder of the paper proceeds as follows. Section 2 describes the data, in-

cluding construction of the rainfall shocks variable with summary statistics, and presents

the empirical strategy. Section 3 discusses the effects of rainfall shocks on child human

capital, placebo test and robustness checks of the main results. Section 4 provides het-

erogeneous analysis along the ethnic group dimension, as well as links rainfall shocks

with ethnic disparities in school enrollment rates at upper-secondary education. Section

5 discusses potential pathways underlying the results. Section 6 notes important caveats

to the analysis and concludes the paper.

2 Data, Background and Empirical Strategy

2.1 Household and Individual-level Data

The main dataset is drawn from the Thailand-Vietnam Socio-Economic Panel (TVSEP)

household database, collected by Leibniz Universität Hannover in collaboration with

other local universities (Grote, Thomsen, Waibel, and Kis-Katos 2019).3 The Vietnamese

data covers 110 communes of two provinces in the Northern Central Coast region (Ha

Tinh and Thua Thien Hue) and one province in the Northwestern Central Highlands re-

gion (Dak Lak) (Figure 1).

[FIGURE 1 AROUND HERE]
2If anything, ethnic minority households actually significantly increased health and education expendi-

tures following rainfall shocks of the same year, as opposed to a decreased spending as observed among
Kinh households.

3Data are available for research purposes from the Thailand-Vietnam Socioeconomic Panel Survey
Database Manager. Details are available at https://www.tvsep.de/data_access.html
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Although these provinces represent diverse agro-ecological and climate conditions, in-

frastructure, as well as development potential, they share some common characteristics:

being influenced by the Annamite Range, and heavy rain can lead to local submergence

of crops and houses. The survey is representative of the rural population in Central Viet-

nam and areas with similar conditions (Hardeweg, Klasen, and Waibel 2013). All surveys

were conducted during the summer with the reference period between May and April of

the preceding year.4 I use four rounds of this panel (2008, 2010, 2013, 2017) to construct a

unique individual identification based on household identifiers and individual character-

istics including age, gender, and relationship with the household head, and successfully

track 3,938 individuals who were 0-18 years old in 2008 to the 2010 survey wave, of which

3,743 individuals were observed again in the 2013 wave, and 2,877 in the 2017 wave.5

The focus of this paper is to estimate the impacts of rainfall shocks on health and edu-

cation of children. Health outcomes include an indicator for good subjective health status,

which is coded 1 if the answer to the survey question “How healthy is [the member]?” is

“healthy”, and 0 if the answer is either “can manage” or “sick”, as well as an indicator of

whether the child has suffered from any serious infectious disease during the 12-month

reference period.6 As for education outcome, I focus on the extensive margin where an

individual is considered enrolled if she was attending or completed school in the school

year during the reference period. I also construct a measure of conditional on-time grade

progression, which is a binary variable indicating whether a child is in the correct grade

for their age, relative to the previous wave of survey. Specifically, the variable is coded

1 if age minus grade is at most 6 for an individual’s first observation in the panel when

4Timing of the survey, school year, agricultural production is depicted in Appendix Figure D1.
5It appears that although the attrition rate at the individual level is high in more recent waves of the

survey, most of the individuals that exit the sample in these waves are not part of the analysis, e.g., they
are young adults who might have left for higher education or employment in other regions. An analysis of
individual-level, household-level characteristics, and exposure to the rainfall shocks in Appendix A shows
little evidence of non-random exit.

6These infectious diseases include, for example, bronchitis, dengue hemorrhagic fever, diarrhea, gas-
troenteritis of presumed infectious origin, encephalitis, hepatitis B, influenza, measles, rubella, pertussis,
pneumonia, and tuberculosis.
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she reaches 6 years old.7 That is, if an 8-year-old is in second or third grade in 2008, she

is considered on-track, but if she is in first grade, she is not. The variable in the later

waves is determined based on the grade progression between waves of survey. Using the

same example above and assuming the child is in second grade in 2008, she is considered

off-track if being enrolled in third grade in 2010, and on-track again if in sixth grade in

2013.

One particular concern about the construction of education outcomes is that the anal-

ysis data are not of consecutive years and thus changes in educational outcomes could

be misattributed over time. For example, non-enrollment in a given year may be a result

of drop-out in a previous year, and not because of some specific shock.8 This concern is

mitigated with two additional survey questions that help determine whether and when

a student has dropped out of school, as well as whether they have graduated. Specifi-

cally, the answer to the survey question “How old was [the member] when he/she left

school?,” determines when a child has dropped out of school, and the answer to “What

was [the member]’s highest educational attainment?” helps verify whether a student has

graduated, which together with data from other years can help determine their gradua-

tion year. In defining the final analysis sample, I apply two restrictions. First, if a child

is reported to leave school more than two years prior to the current survey, she is no

longer in the sample analysis in the current and subsequent surveys. Second, if a child

is reported to have attained grade 12 as her highest educational level and left school be-

fore the current survey, she is considered already graduated and therefore not part of the

7One might suggest constructing on-time grade progression using child’s starting school age. However,
it might be problematic because the school year often starts at the beginning of August, whereas the survey
is conducted in the Summer. Since age is rounded down, there are cases in which 6-year-old children have
yet to be enrolled in school (i.e., yet to start the first grade). For these cases, enrollment status and grade
level are both coded 0. The above method could help avoid this problem. In addition, it is noteworthy that
children in disadvantaged areas or under special circumstances can start the first grade at age 7 or even
later.

8Children in the sample tend to drop out of school as soon as they reach 12 years old. Of the 297 children
who reported to have left school by 2008, 38% left when they were 12-14 years old, 41% left when they were
16 years old, and approximately 8% left when they were 17-18 years old. Among children age 12 who were
not enrolled in year 2008, the share of getting back to school in the subsequent year (2010) is approximately
30%. The share drops to 3-10% for children age 13 and beyond.
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analysis sample even if she is still in the school-age range.9 Together, the two restrictions

remove 440 observations from the final analysis sample. This source of measurement er-

ror, however, becomes more concerning for on-track measure, for which I do not have

additional information to infer the exact year during which there was a delay in school-

ing. Therefore, findings on the on-track outcome should be interpreted with caution.

In addition, to examine the potential mechanisms, household-level information, in-

cluding agricultural production, income, and consumption, is linked to each child and

survey wave. Total income of a household includes net profits from agricultural pro-

duction (crops and livestock), income from natural resource extraction, self-employment,

wage employment (off-farm labor earnings), remittances and government transfers, in-

come from renting out land, as well as interest earned on savings accounts. Household

consumption expenditure includes food consumption, nonfood consumption, as well as

spending on education and healthcare.

[TABLE 1 AROUND HERE]

Table 1 provides descriptive statistics of the study sample in 2008–the first wave of the

analysis dataset. First, an average household in the sample is less well-off compared to an

average nationally representative household (per capita total income US$ 1,470 vs. US$

2,294 in PPP 2005 term), reflecting the sample selection targeting rural, disadvantaged

areas in the country.10 Second, the main income source of an average sample house-

hold is agricultural income, accounting for more than 47.4% of total income on average,

and varying across regions with an average low of 22.9% in Hue and an average high

of 62.6% in Dak Lak. Staples and vegetables are the main agricultural products for the

North Central Coast provinces, accounting for more than 79% of crop income, and rice

alone accounts for more than 24.5% and 54.3% of total agricultural income for an average

household in Ha Tinh and Hue, respectively. In contrast, perennial industrial crops such
9For an illustration of these two restrictions, see Appendix A.

10Data for the average nationally representative household are from the Vietnam Household Living Stan-
dard Survey (VHLSS) 2008 (General Statistics Office of Vietnam n.d.).
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as coffee and peppers are predominantly cultivated in Dak Lak, contributing to more than

89.1% of crop income and 77.2% of income from agriculture.

Consumption patterns of the sample households follow that of a typical poor house-

hold. Approximately 50.2% of total consumption are spent on food, 39.7% on nonfood

(including personal care, clothing, electricity, water, transportation, and communication,

as well as social purposes such as celebrations and funerals, recreation, and entertain-

ment). Spending on education and healthcare accounts for only 9.5% of total household

consumption.

The low out-of-pocket spending on education and healthcare may not necessarily re-

flect low investment in human capital, given that government subsidies and contribu-

tions from other organizations are not included. In addition, curative and preventative

health care are considered a priority by the government, with more than 30% of the total

healthcare dollars on preventive medicine, leading to high return even with low spending

(Cheng 2014). As for education, most of primary and lower-secondary schools are public,

which are financed by both government subsidies and other sources (Dang and Glewwe

2018). Households are often responsible for inputs such as stationery, uniforms, and other

informal fees including contribution to school facilities. Children of poor households, eth-

nic minority, and in disadvantaged areas may also have their tuition waived and receive

financial aid, free meals, and rice allowance from the government (McAleavy, Tran, and

Fitzpatrick 2018).11 These are reflected in the higher-than-average enrollment rate of chil-

dren aged 7-18 in the study sample compared to VHLSS sample (80.2%).

Although the study sample has high school enrollment rate, it is considered relatively

poorly when it comes to grade progression. Defining a child as being in the correct grade

for her/his age if age minus grade is at most six, only 56.1% of children aged 7-18 years

are considered on track, compared to approximately 74.7% in the VHLSS sample. It is

11Although TVSEP do not have details on tuition exemption and reduction, VHLSS 2008 data show that
on average, more than 45% of school-aged children in rural areas of Ha Tinh receive tuition exemption or
reduction, and the corresponding numbers for Hue and Dak Lak are 49% and 71%, respectively, compared
to less than 42% for the national average.
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worth mentioning that even though children should normally start compulsory primary

education at the age of six, the above comparison might be misleading given that chil-

dren in disadvantaged areas, ethnic minorities or poor households may start school at

age seven or even later. The gap is indeed closer when defining being on track as age

minus grade is at most seven, although there still seems to be substantial difference in

this variable between the two groups of children, with 86.0% of nationally representative

children aged 7-18 being in correct grade in contrast to only 78.4% of those in the study

sample.

Vietnam has enjoyed favorable growth with improved living standards and declining

poverty rate for both ethnic majority and minority groups, but the existing ethnic in-

equalities persist along many dimensions (World Bank 2018). In 2014, the human capital

index is 0.75 for the ethnic majority–which is on par with many high-income countries,

while that for the ethnic minority groups is only 0.62 (World Bank 2020a).12 The minority

groups are overwhelmingly living in rural mountainous communes. Although majority

and minority children have similar enrollment rates at lower education levels, their ed-

ucational paths diverge after lower secondary school, with a 30-percentage-point gap in

enrollment rates in upper secondary school. Ethnic minority students less likely progress

on time through school (Le and Inoue 2019). Besides other documented channels such as

family background and school quality differences, existing literature also indicate that it

is unlikely discrimination against ethnic minority students that drive ethnic educational

disparities (World Bank 2018).

Consistent with the national ethnic inequality, there are stark differences between

Kinh and ethnic minority children (and their households) in the sample. Minority house-

holds’ heads have on average lower educational attainment. Minorities also have much

12The human capital index is constructed based on three components: (i) Survival from birth to school
age, measured using under-5 mortality rates, (ii) Expected years of learning-adjusted school, combining
information on the quantity and quality of education, and (iii) Health, as measured by adult survival rates
(fraction of 15-year-olds who survive until age 60), and the rate of stunting for children under age 5 (World
Bank 2020b).
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lower level of income, consumption, savings and less access to credit. School-aged chil-

dren of ethnic minorities are less likely enrolled in school, and if they are, less likely to be

on-track compared to their Kinh peers.

2.2 Rainfall Data and Construction of Rainfall Shocks

I use daily accumulated rainfall data retrieved from the NASA “Integrated Multi-satellitE

Retrievals for the Global Precipitation Measurement” (IMERG) Version 06 Final Run to

determine rainfall shocks during the typhoon season (July to November). IMERG is

a satellite-gauge product and available as gridded data of 0.1 × 0.1 degree resolution

(roughly 10 km x 10 km at the equator) (Huffman et al. 2019). The dataset is available for

daily rainfall since June 2000. I use data for 21 years from 2000 to 2020 in this paper.

I calculate monthly rainfall for each grid point by summing up daily rainfall of the cor-

responding month. The grid-level rainfall dataset is spatially merged with the household-

and individual-level dataset using the geographical location of the commune where each

child resided during the reference period of the survey. Specifically, I calculate the rainfall

of each commune using inverse distance weighting, where the weight is the inverse of the

square root of a grid point’s distance from the geographic centroid of each commune and

assign that level of rainfall to the commune for each month. The 110 household com-

munes are distributed over 74 grid-cells (Ha Tinh: 23, Hue: 21, and Dak Lak: 30). The

number of communes per grid-cell varies from a minimum of 1 to a maximum of 4.13 By

matching the household and weather data, I can assign to each commune the monthly

rainfall time series.

Although satellite-based data are a powerful resource, (potential) errors could bias

causal inference, which have been largely overlooked by social scientists.14 To ensure that

13An average commune is very small, with a geographical area of approximately 42 km2, i.e., 6 × 7 km.
The largest commune is Ea H’leo (340 km2, Dak Lak Province) and the smallest commune is Phu Hai (3
km2, Hue). As a result, there is not much difference when using geographic centroid or other measures of
distance to convert grid-level data to administrative-level data.

14Auffhammer, Hsiang, Schlenker, and Sobel (2013) show that although different weather data sets pro-
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there are no significant biases associated with these data, I compare the satellite-based

rainfall data and ground-based rainfall data collected by the local government, which is

available from 2002 to 2019 only for the city of Hue within the study sample.15 Appendix

Figure D2 shows that indeed there is some difference in the total rainfall level between the

two data sources. However, there appears no significant difference in the trend of rainfall

across years for each month, and the two measures of rainfall are highly correlated. The

pairwise correlation coefficients between ground-based rainfall and satellite-based rain-

fall of each month are 0.9199 (July), 0.9643 (August), 0.9417 (September), 0.9383 (October),

and 0.9509 (November). Therefore, I measure the excess rainfall for each month as the de-

viation of the observed precipitation in that month 𝑚 of commune 𝑠 from the long-term

mean divided by the historical monthly standard deviation (Standardized Precipitation

Index–SPI):

SPImsy = (Rmsy − Rms)/𝜎ms

where 𝑅𝑚𝑠𝑦 is the observed rainfall for a given month 𝑚 in year 𝑦 at commune 𝑠, 𝑅𝑚𝑠 is

the long-term mean of rainfall for month 𝑚 at commune 𝑠, and 𝜎𝑚𝑠 is the corresponding

standard deviation. The index helps determine the level of excess relative to the clima-

tological norm for the location.16 At the commune level 𝑠, I then compute the exposure

to the rainfall shocks as the sum of SPI during typhoon season before the survey time

of wave 𝑤 (i.e., between July of the year 𝑤 − 1 and November of 𝑤 − 1) when observed

rainfall exceeded historical levels for that month by at least one standard deviation:

vide similar mean value of variables across space, they often do not reach a consensus on the deviations
from that mean. Jain (2020) discusses common types of systematic error in mapping land cover such as non-
random mis-classification, saturation effects, atmospheric effects and suggests that it is important to thor-
oughly examine the validation results of any satellite data product to understand other potential sources of
bias.

15Data can be downloaded from the General Statistics Office of Vietnam (gso.gov.vn)
16Ideally one needs at least 20-30 years of monthly values with 50-60 years or more being optimal and

preferred (World Meteorological Organization 2012). Due to the data availability, I use the mean rainfall
of the 20-year period since 2000 as the long-term mean. The use of “future” rainfall to construct long-term
mean and exposure to extreme events in the past is also common in other papers exploring rainfall shocks
(e.g., Björkman-Nyqvist 2013). Distribution of SPI by month is available in Appendix Figure D3.
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Current year rainfall shocks: Rsw =

Nov(w−1)∑︁
m=Jul(w−1)

SPIms ∗ I {SPIms> 1}

Previous year rainfall shocks: Rsw−1 =

Nov(w−2)∑︁
m=Jul(w−2)

SPIms ∗ I {SPIms> 1}

where I {.} denotes an indicator function.

In each wave of the survey, households are asked whether they have strategies to pre-

vent or mitigate the negative impacts of potential risks on household income and assets.

Among the sample households, for such risks as flooding on agricultural land, unusu-

ally heavy rainfall, and typhoon, in 2008, only about 28.5% reported to be prepared for

future risk prevention or mitigation (flood: 14.0%, excess rainfall 5.0%, storm 18.5%) and

this number does not change significantly across waves of surveys (23.1% in 2017). Those

preventive strategies include, for example, income diversification by crops, livestock, or

other sources of income (18.8% of the households), migration (8.4%), investment in phys-

ical and human capital (20.4%). The attitude towards climate risk varies across regions,

with the preparedness ranging from less than 1% of households in Dak Lak to more than

40% in Ha Tinh and Hue, the two coastal provinces highly prone to natural disasters.

If adverse rainfall shocks of this year are correlated with adverse rainfall shocks of next

year, it is difficult to tell the extent to which the analysis picks up the effects of shocks in

a single year or multiple years. Even though the two Northern Central Coast provinces

are more likely to experience heavy rainfall due to their geographic locations, during the

typhoon season, the precipitation patterns and rainfall shocks do not repeat themselves

in a consistent way at the local level. As shown in Appendix Figure D4, the spatial dis-

tribution of extreme precipitation changes over this season in a rather unpredictable way.

Results from a test for the serial correlation in rainfall suggest no significant evidence of

serial correlation across years in each commune (Appendix Table D1).

[TABLE 2 AROUND HERE]
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Table 2 presents exposures rainfall shocks during the annual typhoon season by cal-

endar year for children in the sample. The rainfall shocks during the typhoon season in

calendar years 2006 and 2007, respectively, correspond to the previous year and current

year rainfall shocks of the survey wave 2008. During the 2008 survey reference period,

all children in the sample experienced at least one month of extreme rainfall. In contrast,

approximately 40% of the children in the sample did not experience any extreme rain-

fall within one year before the study waves 2010 and 2013. In 2017, approximately 30%

of children experienced at least one month of excess rainfall during the typhoon season

within 12 months before the survey. Importantly, about 21% of the sample children are

observed with three months of extreme rainfall in the last year of the study period (Panel

A). There are no systematic differences in the exposure to current year rainfall shocks

by ethnic groups. Compared with ethnicity children in the same province, Kinh chil-

dren experienced slightly less current year rainfall shocks in waves 2008 and 2012 but

more current year shocks in waves 2010 and 2017, although these differences are not sta-

tistically significant at conventional levels. In contrast, Kinh children experienced more

previous year rainfall shocks in all survey waves except 2017 relative to same-province

children of minorities, although only the difference in the survey wave 2013 is significant

at conventional levels (Panel C, conditional difference).

2.3 Empirical Strategy

This section describes the econometric models for children’s health and education. Be-

cause current and previous year rainfall shocks might affect current year children’s out-

comes to different extents and there appears to be no serial correlation in rainfall shocks

across years in each commune, to capture the contemporaneous and lagged impacts of

rainfall shocks, I follow Shah and Steinberg (2017) and estimate the following equation

using a linear probability model:
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𝑦𝑖𝑠𝑝𝑤 = 𝛽𝑐𝑅𝑠𝑤 + 𝛽𝑙𝑅𝑠𝑤−1 + 𝑋′
𝑖𝑤𝛾 +𝑊′

𝑠𝑤[ + \𝑖 + \𝑝𝑤 + Y𝑖𝑠𝑝𝑤 (1)

where 𝑦𝑖𝑠𝑝𝑤 is an outcome for child 𝑖 in commune 𝑠 of province 𝑝 surveyed in wave 𝑤,

which is 2008-2010-2013-2017. The terms 𝑅𝑠𝑤 and 𝑅𝑠𝑤−1 are rainfall shock exposures as

constructed in Section 2.2 for commune 𝑠. 𝑋𝑖𝑤 is a vector of time-varying individual-level

characteristics of individual 𝑖 including age dummy and number of siblings ≤ 15 years

old. 𝑊𝑠𝑤 is a vector of current and previous year total rainfall outside of the typhoon sea-

son. The vector \𝑖 is individual fixed effects, which absorb all observed and unobserved

individual-specific time-invariant determinants of the outcomes, disentangling the shock

from many other possible sources of omitted variable bias. The vector \𝑝𝑤 represents

province-and-wave-specific fixed effects, which account for changes in wages, prices, and

living conditions over time in each province, and Y𝑖𝑠𝑝𝑤 is the error term. Analysis is re-

stricted to those of school age, from 7 to 18 years old at the time of the survey.

Although rainfall shocks have frequently affected these areas, one might expect the

events to have been associated with strong typhoons or other natural disasters and there-

fore attracted government and international relief aid, which could mitigate adverse ef-

fects. Thus, the estimated impacts include not only the effects of adverse rainfall but

also any actions taken in response by the government and other organizations, and the

analysis does not (cannot) disentangle them. In other words, to the extent that rainfall

shocks within child-commune-wave cells are uncorrelated with unobserved factors af-

fecting child health and education, the 𝛽𝑐 and 𝛽𝑙 parameter estimates represent the con-

temporaneous and lagged net causal effects of the full translation of all current and pre-

vious year rainfall shocks-induced differences in individual and household conditions,

some of which may have worked against the direct effects of adverse rainfall itself. I

find no evidence of increase in public transfers to the households following the shocks,

however. In contrast, there was a decrease in crop yields (particularly of rice) as well as

an increase in the amount of remittances from relatives and friends in the same year the
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shocks happened, which suggests that the shocks were not catastrophic enough to elicit

public relief aid but still negatively affected household economic conditions, inducing

some informal assistance (Appendix Tables D2 and D4).

A few further issues are worth noting. The first issue is with respect to the interpre-

tation of the coefficients 𝛽𝑐 and 𝛽𝑙 . Because the measure of rainfall shocks is constructed

as the sum of monthly SPI exceeding one across months over the typhoon season, 𝛽𝑐 and

𝛽𝑙 could be interpreted as the effects of one unit increase in the rainfall shock measure

with the understanding that this one unit increase is equivalent to some increase in sever-

ity of the rainfall shock (i.e., an increase in the severity of SPI deviation in one or more

months). Such interpretation might be an overlook if, for example, one month with SPI

of 2.2 has different effects compared to two months with SPI of 1.1 each. In Appendix

B, I provide evidence that the estimates obtained from Equation 1 and its variant which

controls for SPIs for each month in the season separately are comparable in magnitude,

which reassures this interpretation.

Second, given the nature of the rainfall shock variable, i.e., the source of variation is at

the commune level, it is likely that the error terms are correlated within commune groups

over time. Therefore, I cluster standard errors at this source of variation–the commune

level, which is the preferred measure based on which statistical inferences are discussed

in the paper. In addition, because district is the lowest level of local administration at

which reports on disasters-related damage records and the need for recovery funds must

be prepared to help rebuild and/or update healthcare and schooling facilities, and in part

support affected households financially, and because I am testing multiple hypotheses,

I also report standard errors clustered at the district level as well as Romano-Wolf step-

down adjusted p-values as robustness check for the set of main results (Romano and Wolf

2005a; Romano and Wolf 2005b).17

17The Romano-Wolf approach controls for the family-wise error rate while allowing for dependence
among p-values by bootstrap re-sampling. I implement this procedure using Stata command “rwolf” de-
veloped by Clarke, Romano, and Wolf (2020), with 1000 bootstrap replications.
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Third, it might be of concern to control for other time-varying observables at the

household and/or village/commune level. Although the inclusion can help absorb resid-

ual variation and thus produce more precise estimates, if those variables are endogenous

to the rainfall shocks then over-controlling would be problematic. Several candidates

include, for example, household size and village characteristics. Household size could

change because of shock-induced migration. There could also be ex-post reinvestment or

improvements in village/commune infrastructure (road, public water supply, internet)

in response to the shocks. I provide a robustness check that controls for household-level

time-varying characteristics in Appendix B.

Another key problem with panel data analysis is attrition bias. Individuals and house-

holds present in the first round may drop out in later rounds because of mortality, or out-

migration after the events, which has been shown to be an effective coping strategy to

aggregate shocks or adverse climatic conditions (Gröger and Zylberberg 2016). The esti-

mates could be biased if the people who leave the survey have characteristics correlated

with the outcome variables. Prospective attrition bias seems minor at worst, however.

Results reported in Appendix A suggest that those who exited the sample are mostly

young adults and are not part of the main analysis. Importantly, there is no significant

correlation between rainfall shocks and attrition: individuals (and households) who stay

and who exit experience similar level of rainfall shocks in the past. If girls and minority

children are more likely to exit the longitudinal sample, and if the effects are found to

be stronger for girls and for ethnic minorities as documented in other settings, estimates

from the longitudinal panel would be biased toward zero, that is, the estimates would be

lower bound of the true effects. Nevertheless, the main empirical sample has relatively

stable gender composition, ethnicity composition, and age distribution over time.
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3 The Effects of Rainfall Shocks on Child Human Capital

This section reports the effects of rainfall shocks on children’s health and education, using

the sample of all individuals who appeared in at least two waves of the survey (unbal-

anced sample).

[TABLE 3 AROUND HERE]

Table 3 reports the main results obtained from estimating Equation 1. Column 1 shows

that there is strong evidence of previous year rainfall shocks on current year health status.

One unit increase in previous year rainfall shocks lowers the probability of being healthy

this year by approximately 11 percentage points, or 0.2 standard deviations and the im-

pact is statistically significant at the 1% level. I do not find evidence that supports the

possibility of disease outbreak following extremely high rainfall (Column 2). Given that

this year shocks neither worsen this year health status nor increase the risk of suffering

from serious infectious disease, one possible explanation could be the relatively better

access to health care systems.

With respect to educational outcomes, one unit increase in this year and last year

rainfall shocks appears to lower the probability of being enrolled in school this year by

roughly 1.4 and 1.7 percentage points, respectively, or 6% of a standard deviation (Col-

umn 3). The contemporaneous and lagged effects on enrollment are statistically signifi-

cant at conventional levels when clustering standard errors at the commune and district

levels. These effects, however, are insignificant at the conventional levels when errors are

adjusted for multiple hypothesis testing. Conditional on being enrolled in school, on-time

grade progression is not affected by rainfall shocks (Column 4).

Placebo Test and Robustness Checks I perform a series of robustness checks in Ap-

pendix B. To summarize, the results are robust to different specifications (with the in-

clusion of household-level time-varying characteristics, and lower-than-long-term-mean
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rainfall shocks), to different measures of shocks (number of months with excess rainfall,

separate controls for SPI of months with excess rainfall), and samples (balanced sample

of children, with and without sampling weights). I also conduct a placebo test where

(unpredictable) future shocks are used as main independent variables of interest, which

further confirms that the results are not driven by confounding factors or omitted variable

bias.

4 Differential Effects by Ethnic Group

The analysis thus far focuses on the average effects of adverse rainfall shocks. It can mask

significant heterogeneity in effects across groups, given stark differences in background

between Kinh and minority children. This section explores whether ethnic minority chil-

dren suffer more in response to rainfall shocks, and whether rainfall shocks can serve as

an explanation for the observed increased ethnic disparity in enrollment rates in upper-

secondary education in Vietnam over the past decade.

To answer the first question, I estimate the following equation:

𝑦𝑖𝑠𝑝𝑤 = 𝛿𝑐𝑅𝑠𝑤 + 𝜓𝑐𝑅𝑠𝑤I
{
Ethnicity𝑖 = Minorities

}
+ 𝛿𝑙𝑅𝑠𝑤−1 + 𝜓𝑙𝑅𝑠𝑤−1I

{
Ethnicity𝑖 = Minorities

}
+ 𝑋′

𝑖𝑤𝛾 +𝑊′
𝑠𝑤[ + \𝑖 + \𝑝𝑤 + Y𝑖𝑠𝑝𝑤

(2)

where 𝜓𝑐 and 𝜓𝑙 , respectively, denote the differential effects of current and previous year

rainfall shocks on minority children relative to their peers of Kinh ethnic group, whereas

𝛿𝑐 and 𝛿𝑙 are the current and previous year effects, respectively, on Kinh children. Other

terms are the same as in Equation 1. The total effects of current year and previous year

rainfall shocks on minorities would be 𝛿𝑐 + 𝜓𝑐, and 𝛿𝑙 + 𝜓𝑙 , respectively.

[TABLE 4 AROUND HERE]
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Table 4 presents the effects on Kinh children (𝛿𝑐, 𝛿𝑙) as well as the differential effects of

rainfall shocks on minority groups (�̂�𝑐, �̂�𝑙) estimated from Equation 2. I do not observe

any heterogeneous effects on the probability of getting an infectious disease, as well as

being on-track conditional on school enrollment (Columns 2 and 4). However, there are

large differential effects on health and school enrollment status. Specifically, while one

unit increase in last year rainfall shocks lowers the probability of being in good health

this year for Kinh children by roughly 10 percentage points, the effect for minority peers

is nearly 17 percentage points (Column 1). Similarly, while previous year rainfall shock

virtually do not affect this year enrollment status of Kinh children, the same shock reduces

the probability of being enrolled for children of minority group by more than 8 percent-

age points, amounting to roughly 10% of the corresponding sample mean (Column 3).

The differential lagged effects in health and enrollment status are statistically significant

at the 1% level when clustering errors at the commune and district levels, and the infer-

ence is also robust to multiple hypothesis testing with the Romano-Wolf approach. There

is also differential contemporaneous effect of current year shock on health across the two

groups where minorities are more negatively affected, although the difference is not ro-

bust to multiple hypothesis testing. There is a significant effect of current rainfall shocks

on Kinh student enrollment, but the effect is not statistically different from that on minor-

ity students.

That the differences in health and enrollment effects are not only statistically but also

economically significant suggests rainfall shocks can potentially explain the persistent

gap in health, and especially the increasing gap in upper-secondary education enrollment

between ethnic minority and majority groups in Vietnam over the last decade (Dang and

Glewwe 2018). To explore this, it is necessary to examine the effects along both age and
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ethnicity dimensions. I estimate the following equation:

𝑦𝑖𝑠𝑝𝑤 = 𝛽𝑐𝑅𝑠𝑤 + 𝛽𝑙𝑅𝑠𝑤−1 +
18∑︁

𝑎=7,𝑎≠15

𝜙𝑐𝑎𝑅𝑠𝑤I
{
Age𝑖 = 𝑎

}
+

18∑︁
𝑎=7,𝑎≠15

𝜙𝑙𝑎𝑅𝑠𝑤−1I
{
Age𝑖 = 𝑎

}
+𝜓𝑐𝑅𝑠𝑤I

{
Ethnicity𝑖 = Minorities

}
+ 𝜓𝑙𝑅𝑠𝑤−1I

{
Ethnicity𝑖 = Minorities

}
+

18∑︁
𝑎=7,𝑎≠15

𝛼𝑐𝑎𝑅𝑠𝑤I
{
Age𝑖 = 𝑎

}
I
{
Ethnicity𝑖 = Minorities

}
+

18∑︁
𝑎=7,𝑎≠15

𝛼𝑙𝑎𝑅𝑠𝑤−1I
{
Age𝑖 = 𝑎

}
I
{
Ethnicity𝑖 = Minorities

}
+𝑋′

𝑖𝑤𝛾 +𝑊′
𝑠𝑤[ + \𝑖 + 𝛿𝑝𝑤 + Y𝑖𝑠𝑝𝑤

(3)

where 𝛽𝑐 and 𝛽𝑙 , respectively, represent the current and previous year effects of rainfall

shocks on Kinh children aged 15. The terms 𝜙𝑐 and 𝜙𝑙 , respectively, denote the differential

effects of current and previous year rainfall shocks on Kinh children of other ages relative

to a Kinh child of 15 years old. The effects of current and previous year shocks on an av-

erage minority child relative to an average Kinh child are 𝜓𝑐 and 𝜓𝑙 , respectively. Finally,

the terms 𝛼𝑐 and 𝛼𝑙 represent the the age-specific ethnic minority-specific differential ef-

fects of rainfall shocks. Other terms are the same as in Equation 1. With this equation, the

total effect of current year rainfall shocks on 16-year old Kinh children can be computed

as 𝛽𝑐 + 𝜙𝑐16, whereas the contemporaneous effect on the same-age minority children is

𝛽𝑐 + 𝜙𝑐16 + 𝜓𝑐 + 𝛼𝑐16.

[FIGURE 2 AROUND HERE]

Figure 2 plots the point estimates and 95% confidence interval of the total effects of

current and previous year rainfall shocks on subjective health (Panel A) and enrollment

(Panel B) of Kinh and minority children by age, which are obtained from estimating Equa-

tion 3. Three main findings emerge. First, there is no strong evidence of statistically

differential effects on perceived health status by age, although older children tend to be

somewhat more affected by previous year rainfall shocks.
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Second, last year adverse rainfall shocks result in lower likelihood of enrollment for

children who are around the age of starting primary school and this effect is entirely

driven by children of ethnic minorities. This finding suggests that poor households re-

spond to rainfall shocks by delaying school entry of children to formal primary education,

which is consistent with the government policy that allows children of poor households,

ethnic minorities, and of disadvantaged areas to start the first grade late but no later than

three years after the 6 year old threshold, that is, children can start grade 1 as long as they

are 7 to 9 years old.18

Third, while there are no significantly differential effects of current year shocks on

enrollment of younger children across ethnicity groups, the heterogeneous effects are es-

pecially pronounced among 15-18 years old students. Specifically, older Kinh majority

students are virtually not affected, whereas minority students are approximately 8-10

percentage points less likely to be enrolled in school following a same-year shock.

The fact that ethnic minority households choose to delay their young children’s school

entry, and to drop out their older children from school can have potentially large effects.

Specifically, delaying children’s entry to school can adversely affect their life-time earn-

ings. Assuming rainfall shocks cause the child to complete one less year of schooling (i.e.,

the age at which schooling is finished does not change) and the rate of return to one year

of schooling is 8%–a rate considered relatively low compared to the private rates of re-

turn to education in East Asia and Pacific and many other developing countries (Patrinos

and Psacharopoulos 2020), then delaying school enrollment can lead to an 8% decrease

in the present discounted value of life-time earnings. Alternatively, if the child can fin-

ish the same number of years of schooling but complete one year later, delaying school

enrollment will push back life-cycle earnings by one year and so also reduces the value

of life cycle earnings by the level of interest rate that is used as a discount rate. These

findings also suggest the important role of physical environment and natural hazards in

18This is mentioned in Article 40 Circular 41/2010/TT-BGDDT, and most recently in Article 33 Circular
28/2020/TT-BGDDT by the Vietnam Ministry of Education and Training.
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the observed perpetuating ethnic disparities intergenerationally.

The estimates in Figure 2 allow me to compute the fraction of the enrollment gap in

upper-secondary education between ethnic groups that is driven by a combination of the

heterogeneous effects of rainfall shocks by ethnic groups and ethnic differences in expo-

sure to rainfall shocks. Note that children age 16-18 of the two groups have been exposed

to rainfall shocks to roughly similar extent, and if anything, Kinh children are somewhat

exposed to more shocks and thus the contribution of rainfall shocks mostly comes from

the differential effects of rainfall shocks by ethnic groups. My estimates suggest that for

these children, total exposure to excess rainfall during the typhoon season over the study

period lowers minorities’ enrollment rate by roughly 7.3 percentage points (-8.94 percent-

age points per additional unit x 0.82 units of excess rainfall). The comparable effect for

Kinh peers is 0.9 percentage points (0.8 percentage points per additional unit x 1.13 units

of excess rainfall). This means that small-scale, frequent current year rainfall shocks alone

widen the enrollment gap by approximately 8.23 percentage points, or approximately

28% of the 29.3 percentage point enrollment gap in the sample by 2017.19

5 Potential Mechanisms

The analysis so far has yielded two main results. First, positive monthly rainfall shocks

that are at least a standard deviation above normal lead to reduced reported health and

enrollment among 7-to 18-year-old children. Second, the effects are heterogeneous by

ethnicity. This section aims to explore mechanisms that could have driven these results.

19In fact, the evolution of the enrollment rate gap of children age 16-18 in the sample is very similar
to the national gap in upper-secondary education enrollment rates reported by Dang and Glewwe (2018).
Specifically, the ethnic enrollment rate gaps in 2008 and in 2017 for the sampling children are 14.7 and
29.3 percentage points, respectively, and the increased gap is driven mostly by declining enrollment rate of
minority children as opposed to increasing enrollment rate of Kinh children.
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5.1 Mechanisms: The Lagged and Contemporaneous Effects

Figure 3 illustrates the multiple pathways via which exposure to rainfall shocks can di-

rectly or indirectly affect the health and education of children, according to previous em-

pirical literature. These mechanisms can be grouped into four main categories: disease

environment, household economic conditions (spending on health and education), ag-

gregate shock on local economy, and education and healthcare supply.20 In what follows,

I focus on household economic conditions, spending on education and healthcare, and

child labor. For a complete discussion on relevant empirical literature and why disease

environment, education and healthcare supply, as well as aggregate shock on local econ-

omy are unlikely the drivers of the main results, see Appendix C.

[FIGURE 3 AROUND HERE]

Excess rainfall might cause income loss, hurting household financial liquidity and/or

wealth. In developing countries where rural household income heavily relies on agricul-

tural production, extreme rainfall could damage crops. The reduction in income and/or

increase in expenditure to cover damages (e.g., reconstruction of damaged housing and

other property, health expenses), as well as defensive investments in loss abatement (e.g.,

sandbags to defend against flooding, pesticides against increased pests), in combination

with incomplete insurance and credit markets, might lead to reduction in household dis-

cretionary spending on goods and services for children such as food, healthcare and ed-

ucation. At the same time, children might be pushed to participate in alternative income

generating activities to help households compensate for lost income (Beegle, Dehejia, and

Gatti 2006), or participate in uncompensated domestic work while adults increase their

employment outside of households.
20Excess rainfall might also affect human capital through the general equilibrium effects in crop markets,

i.e., adverse rainfall in some locations change prices in other locations. The study provinces, however, are
modest producers of rice and other staple foods (Dak Lak is the only province considered a large producer
of cash crops). Given that most non-perennial crop agricultural production is concentrated in Red River
and Mekong Delta provinces, any changes in crop yields and associated food prices in the study provinces
should not affect general equilibrium prices much.
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Recall that rainfall shocks are constructed over the typhoon season, which overlaps

with the harvest season of summer-autumn and monsoon rice (GRiSP 2013), as well as

other main crops cultivated by households in the study sample (See Appendix Figure D1

for the timing of agricultural production and the typhoon season). Among these crops,

rice, maize, and beans are most likely affected by heavy rainfall during ripening phase

because when fields are inundated, they could either be bent or have completely fallen.

Heavy rainfall could also potentially lead to delays in drying, incomplete or ineffective

drying, which reduces grain quality and results in losses. As shown in Appendix Table

D2, rainfall shocks in one year affect rice yield of the same year, but do not affect agri-

cultural yields next year. Rainfall shocks do not affect yields of other annual crops (e.g.,

cotton), as well as perennial crops (e.g., coffee and pepper). Specifically, exposure to one

unit increase in rainfall shocks reduces rice yield by nearly 10% on average (and could be

up to 20%).

The reduction in crop yields as a consequence of rainfall shocks appear to translate

to a decrease in household diet composition and spending on education. These shock-

induced changes, however, are not statistically insignificant at conventional levels (Ap-

pendix Table D3).

The fact that rainfall shocks significantly affect agricultural production, but do not af-

fect household consumption and spending that much suggests rural households might

have employed different strategies to deal with income loss. A common informal risk

sharing strategy is private transfers (Gröger and Zylberberg 2016). As shown in Ap-

pendix Table D4, there was an increase in remittances from relatives and friends follow-

ing a shock. There is no evidence of an increase in government transfers, however, which

further suggests that small-scale, frequent rainfall shocks did negatively affect household

economic conditions, but the effect was not catastrophic enough to attract relief aid from

the government.

Another strategy is income diversification. Households might to choose to engage
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(their children) in other economic activities that are less dependent on climate. Consis-

tent with the evidence on shock-induced agricultural production disruption, households

reduce their own demand for child labor in farming activities in response to this year

rainfall shocks. There is some suggestive evidence of an increase in child labor in non-

farm activities following rainfall shocks this year, although the effect is not significant

at conventional levels. Children exposed to rainfall shocks last year are more likely to

be engaged in child labor this year, and most is driven by an increase in engagement in

household non-farm occasional work (Table 5, Panel A). Households’ decision to reallo-

cate child labor from farming to non-farm activities is consistent with growing evidence

on intersectoral labor reallocation as an adaptation strategy to manage agricultural pro-

ductivity shocks due to climate change (Colmer 2021). In addition, the increase in child

labor and the non-decrease in household adult labor (Appendix Table D5) also suggest

the prevalence of child labor is for survival reasons, especially in the presence of credit

constraints (Basu and Van 1998; Ranjan 2001).

[TABLE 5 AROUND HERE]

While these analyses are not sufficient to draw a causal relationship between shock-

induced change in economic conditions and child human capital outcomes, piecing these

findings together, it appears that the decrease in child farm labor and enrollment this

year might have been driven by agricultural production disruption caused by same-year

rainfall shocks. The increase in child labor might have worsened perceived health and

decreased school enrollment following last year shocks.

5.2 Mechanisms: The Differential Effects by Ethnicity

The heterogeneous impacts of rainfall shocks by ethnicity might be because minority

groups are more exposed to correlated income shocks that interact with the primary

weather shock to exacerbate the effects (Almond, Currie, and Duque 2018). Islam and
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Winkel (2017) propose three channels through which disadvantaged groups can be more

affected: (i) they are more likely exposed, (ii) they are more susceptible, and (iii) they have

less ability to deal with and recover from climate shocks. These channels together result

in a vicious cycle of inequality and climate shocks, and the shocks end up worsening

inequality. In what follows, I will examine these pathways in detail when data allow.

First, there is no evidence that supports the exposure channel. Table 2 shows that

minorities were more exposed to current year shocks on average in 2008, but that was not

the case in other years. In fact, ethnic minority children were less exposed to previous

year shocks during the study period. Cumulatively, the exposure to rainfall shocks was

less among minority children compared to Kinh majority children for the main analysis

sample.

Second, I examine whether households of ethnic minority have less ability to deal with

and recover from climate shocks. Specifically, I test whether there is any difference in

the effect of rainfall shocks on remittances, diet composition, spending on education and

health across households of different ethnicity groups by estimating a variant of Equa-

tion 2 where the unit of analysis is household-year. Results in Appendix Table D7 suggest

that households of minority groups received a somewhat larger amount of private remit-

tances relative to Kinh majority households after a shock this year, which is consistent

with minority households having a greater need following the shock. Minority house-

holds had a less diverse diet, spent more on education and healthcare as a consequence

of current-year rainfall shocks. As for previous year shocks, however, there is no signif-

icant differential effects along the ethnicity dimension on these outcomes. Neither do I

observe a differential effect of current and previous year shocks on public remittances.

The fact that diet composition of ethnic minority households is more negatively affected

by this year shock could play a role in explaining the differential contemporaneous health

effects between the two groups.

Despite no significant ethnic difference exists in the estimated lagged effects on house-
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hold spending and diet composition, the differential lagged effects of rainfall shocks on

child health and enrollment by ethnicity are significant, both statistically and economi-

cally. These findings seem to suggest that mechanisms other than parental investments

channel, where households of marginalized groups are more negatively affected by ad-

verse weather shocks and thus invested less in their children as found in other settings

(for example, Nordman, Sharma, and Sunder forthcoming), could have driven the differ-

ential lagged effects of rainfall shocks by ethnicity.21

Although I do not find any differential effects of rainfall shocks on child labor across

groups (Table 5, Panel B), it is worth noting that the measure of child labor in this paper is

at the extensive margin. Minorities are more likely to live in more rural areas with limited

labor market opportunities. It might have been that children of minority groups had to

work a lot more hours relative to their Kinh peers in response to rainfall shocks, which

could affect their health and education. Unfortunately, I cannot capture such an effect

because of data limitation.

With that caveat in mind, minority children being more susceptible to rainfall shocks

appears to be the only remaining channel. Children of minority groups might be more

affected because they have poorer health to begin with. Minority children might also find

it harder to continue school after an adverse shock because their parents are not able to

help them with schoolwork. For many minority students, language becomes a barrier to

study when they do not have enough learning time with teachers and peers at school,

which likely is the only place where they get exposed to the Vietnamese language. The

current dataset, however, does not allow me to have a conclusive answer.
21The current year shock-induced decrease in spending on education among Kinh households seems to

be consistent with the finding on lower enrollment of Kinh children. This could be explained by the fact
that a current rainfall shock causes a student to not be enrolled and so the family no longer has to pay school
fees, etc. for that student. The finding on lower enrollment without a corresponding decrease in spending
on education following a previous year shock for minority children is surprising. In a sense, however, this
result is consistent with the descriptive evidence on preventive/mitigation strategies reported by house-
holds in the sample, with investment in human capital being a major strategy (Section 2.2). Given that
household economic conditions are worsened because of the rainfall shocks, minority households might
have reallocated resources among their children, so that those who remained in school would have the best
resources possible to keep up with their peers.
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6 Conclusions

Understanding whether and to what extent weather shocks induce changes in household

economic conditions that affect children’s human capital outcomes is an important ques-

tion and of heightened policy relevance, given that extreme weather events are expected

to increase in both frequency and intensity in most parts of the world, and given that most

of the vulnerable population in the developing world have limited access to aggregate-

shock coping mechanisms.

In this paper, I estimate the contemporaneous and lagged effects of adverse rainfall

shocks on child health and education in rural Vietnam. The evidence presented highlights

that even small-scale, but frequent rainfall shocks affect household economic conditions,

and their children along multiple dimensions, and the effects may not be immediate.

Poor households respond to the shocks by delaying children’s entry to primary school

with potentially big negative effects on their life-time earnings, and having their children

engaged in different economic activities. These suggest that prevention strategies and

policies that have the potential to improve capabilities to cope with adverse shocks that

affect poor households with school-aged children, should receive more emphasis.

Importantly, even within the sample of rural households in Vietnam, rainfall shocks

can explain a substantial part in the observed enrollment gaps, especially in upper-secondary

education, between Kinh children and their ethnic minority peers. This is not driven by

different exposures to excess rainfall, but by differential effects of rainfall shocks across

groups. As suggested by Islam and Winkel (2017), this can be because ethnic minorities

are more susceptible but less able to cope with these shocks. Examinations of commonly-

studied economic channels such as parental investments, however, do not support the

heterogeneous effects by ethnicity, which leaves an open question for future research.
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Tables

Table 1: Characteristics of the Study Sample, 2008

Province Ethnic Group

(1) (2) (3) (4) (5) (6)
ALL HaTinh Hue Daklak Kinh Minorities

Household head
Gender (1=Male) 0.836 0.829 0.827 0.851 0.832 0.851
Age 48.950 52.362 49.393 45.224 50.490 42.920
Years of schooling 7.484 8.463 6.702 7.086 7.781 5.967

Household characteristics
Number of nucleus members 4.361 3.875 4.489 4.711 4.165 5.130
Share of male aged 16-59 0.269 0.250 0.259 0.298 0.269 0.271
Share of female aged 16-59 0.293 0.295 0.278 0.307 0.293 0.295

Income and consumption
Total income 1479 1469 963 1978 1650 809

Income from crops and livestock 702 620 220 1240 757 486
Income from resource extraction 51 39 92 24 54 39
Income from wage 201 184 207 213 221 125
Income from self-employment 225 164 232 277 274 29
Income from remittances 167 259 100 141 205 19

Total consumption 1259 1209 1192 1369 1371 820
Food consumption 633 581 629 687 669 491
Nonfood consumption 500 470 474 552 557 275
Spending on education/healthcare 121 153 82 126 139 50

Savings and borrowing
Savings 73 83 51 85 84 31
Outstanding loan 540 557 356 697 607 276

Formal 364 384 265 438 416 159
Observations 2148 713 699 736 1711 437

Children aged 7-18
Enrolled in school 0.864 0.895 0.835 0.867 0.884 0.804
On-track (A) 0.561 0.691 0.459 0.558 0.607 0.420
On-track (B) 0.784 0.865 0.732 0.771 0.827 0.653

Observations 3003 813 1009 1181 2257 746

Notes: The sample includes individuals aged 7-18 in 2008 and their households. All monetary
variables are expressed in 2005 US$ (PPP) per capita, where household size is the number of
household members who stayed at least 180 days during the reference period. On-track A (B) is
coded 1 if age minus grade is at most six (seven). Sources: Household and individual data are
from TVSEP 2008.
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Table 2: Exposure to Adverse Rainfall Shocks during the Annual Typhoon Season

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Calendar Year 2006 2007
Survey

2008 2009
Survey

2010 2011 2012
Survey

2013 2014 2015 2016

Panel A: Distribution by number of months with rainfall shocks (%)

0 34 35 40 35 40 39 61 75 70
1 66 55 65 60 7 17 60 30 39 25 4
2 42 1 93 33 31 5
3 2 15 21

Panel B: Mean shock intensity experienced by ethnicity

Kinh 1.207 2.453 1.138 1.303 3.901 1.803 0.906 1.437 0.675 0.571 1.684
Observations 2134 2134 1965 1965 1443 1443 1443 1016 1016 1016 1016

Minority 0.645 3.007 0.747 1.550 4.131 1.134 1.056 1.015 1.397 0.000 0.025
Observations 702 702 686 686 661 661 661 405 405 405 405

Panel C: Difference in shock intensity experienced by ethnicity (Kinh - Minorities)

Unconditional 0.562 -0.554 0.391 -0.247 -0.230 0.670 -0.149 0.423 -0.722 0.571 1.658
(0.035) (0.028) (0.037) (0.052) (0.034) (0.060) (0.038) (0.072) (0.065) (0.024) (0.068)

Conditional 0.043 -0.195 0.093 0.185 -0.079 0.211 -0.032 -0.114 -0.002 0.000 0.080
(0.058) (0.136) (0.064) (0.114) (0.111) (0.102) (0.028) (0.070) (0.039) (0.000) (0.049)

Observations 2836 2836 2651 2651 2104 2104 2104 1421 1421 1421 1421

Notes: This table presents the exposure to adverse rainfall shocks during the typhoon season by
calendar year. The 2007 typhoon-season rainfall shocks are considered current rainfall shocks of
the survey wave 2008, the 2006 typhoon-season rainfall shocks are considered previous rainfall
shocks of the survey wave 2008. Panel A shows the share of children in the study sample by the
number of months with rainfall shocks they experienced each year. A month is considered hav-
ing a rainfall shock if the observed rainfall exceeded historical levels for that month by at least
one standard deviation. Panel B shows the mean intensity of rainfall shocks (measured as sum of
monthly SPI exceeding one during the typhoon season) experienced by the sample of Kinh chil-
dren and the sample of ethnic minority children. Panel C shows the difference in mean intensity
of rainfall shocks by ethnicity. Unconditional difference is obtained from regressions of rainfall
shocks on an indicator of Kinh ethnicity, with robust standard errors in parentheses. Conditional
difference is obtained from regressions of rainfall shocks on an indicator of Kinh ethnicity, control-
ling for province fixed effects, with standard errors clustered at the commune level in parentheses.
Analysis sample is defined in the main text. Sources: Household and individual data are from
TVSEP 2008-17. Rainfall data are from IMERG.
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Table 3: The Effects of Rainfall Shocks on Child Health and Education

(1) (2) (3) (4)

Health Disease Enrolled Ontrack

Current year shocks -0.008 0.004 -0.014 0.023

(0.021) (0.008) (0.007) (0.022)

[0.023] [0.006] [0.008] [0.021]

{0.886} {0.886} {0.558} {0.597}

Previous year shocks -0.113 0.011 -0.017 0.007

(0.022) (0.010) (0.010) (0.017)

[0.021] [0.010] [0.007] [0.018]

{0.001} {0.544} {0.374} {0.749}

𝑁 9012 9012 9012 8234

𝑅2 0.152 0.010 0.116 0.139

Sample Mean 0.585 0.045 0.914 0.809

Sample SD 0.493 0.208 0.281 0.393

Notes: Results are obtained from estimating Equation 1. Each column is from a separate regres-
sion. The unit of analysis is child-year, corresponding to 4,017 individuals. Rainfall shocks are
defined as in the main text. Sample includes individuals who appeared in at least two waves of
the survey. Analysis is restricted to age range 7-18. All regressions include individual age (indica-
tors), number of siblings less than 15 years old, total rainfall during months outside the typhoon
season, province-specific wave fixed effects, and individual fixed effects. Standard errors clustered
at the commune and district level are in parentheses and brackets, respectively. Romano-Wolf ad-
justed p-values for multiple hypothesis testing are in braces. Sources: Individual data are from
TVSEP 2008-2017. Rainfall data are from IMERG.
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Table 4: The Differential Effects of Adverse Rainfall Shocks by Ethnic Group

(1) (2) (3) (4)

Health Disease Enrolled Ontrack

Current year shocks 0.006 0.003 -0.015 0.030

(0.022) (0.009) (0.008) (0.021)

[0.021] [0.007] [0.008] [0.022]

{0.962} {0.962} {0.395} {0.395}
Current year shocks × Minority -0.038 0.004 -0.002 -0.022

(0.016) (0.006) (0.009) (0.014)

[0.012] [0.004] [0.007] [0.012]

{0.192} {0.885} {0.896} {0.448}

Previous year shocks -0.099 0.011 -0.010 0.012

(0.022) (0.010) (0.012) (0.017)

[0.020] [0.010] [0.013] [0.018]

{0.005} {0.759} {0.759} {0.759}
Previous year shocks × Minority -0.069 -0.009 -0.084 -0.013

(0.024) (0.006) (0.018) (0.021)

[0.025] [0.006] [0.029] [0.016]

{0.023} {0.560} {0.003} {0.598}

𝑁 9012 9012 9012 8234

𝑅2 0.156 0.010 0.133 0.140

Sample mean for Kinh 0.615 0.043 0.943 0.832

Sample mean for Minority 0.506 0.051 0.837 0.739

Notes: Results are obtained from estimating Equation 2. Each column is from a separate regres-
sion. Other notes are similar to Table 3. Standard errors clustered at the commune and district
level are in parentheses and brackets, respectively. Romano-Wolf adjusted p-values for multiple
hypothesis testing are in braces. Sources: Individual data are from TVSEP 2008-2017. Rainfall data
are from IMERG.
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Table 5: The Effects of Rainfall Shocks on Child Health, Education, and Labor

Human Capital Child Labor

(1) (2) (3) (4) (5) (6)

Health Enrolled AllLabor HHFarm HHNFarm WageEmp

Panel A: Average Effects

Current year shocks -0.007 -0.014 0.008 -0.028 0.032 -0.004

(0.021) (0.007) (0.032) (0.009) (0.030) (0.006)

[0.024] [0.008] [0.041] [0.011] [0.041] [0.006]

{0.960} {0.676} {0.960} {0.372} {0.436} {0.960}
Previous year shocks -0.113 -0.017 0.106 0.006 0.083 0.009

(0.022) (0.010) (0.031) (0.008) (0.028) (0.006)

[0.021] [0.007] [0.035] [0.008] [0.036] [0.006]

{0.012} {0.216} {0.012} {0.486} {0.012} {0.337}
Sample mean 0.585 0.913 0.251 0.081 0.117 0.036

Sample SD 0.493 0.281 0.433 0.273 0.322 0.185

Panel B: Differential Effects

Current year shocks × Minority -0.038 -0.002 0.005 -0.040 0.038 -0.010

(0.016) (0.009) (0.015) (0.007) (0.016) (0.006)

[0.012] [0.007] [0.015] [0.009] [0.015] [0.009]

{0.261} {0.960} {0.960} {0.011} {0.050} {0.489}
Previous year shocks × Minority -0.069 -0.084 -0.004 0.009 -0.009 -0.000

(0.024) (0.018) (0.019) (0.008) (0.013) (0.007)

[0.025] [0.029] [0.016] [0.006] [0.012] [0.009]

{0.037} {0.003} {0.982} {0.864} {0.874} {0.982}
𝑁 9012 9012 9012 9012 9012 9012

𝑅2 0.157 0.134 0.122 0.117 0.183 0.086

Sample mean for Kinh 0.615 0.942 0.226 0.064 0.101 0.033

Sample mean for Minority 0.505 0.836 0.316 0.127 0.161 0.042

Notes: Panel A presents results estimated from Equation 1. Panel B presents estimates of co-
efficients on the interacted rainfall shock and minority indicator variable from Equation 2. Each
panel-column is from a separate regression. Child labor is an extensive margin measure, taking the
value of 1 if a child’s most or second-most time-consuming activities is in the corresponding cat-
egory and 0 otherwise. The three categories of child labor include household farming (HHFarm),
non-farm activities (HHNFarm), and non-household wage work (WageEmp). These outcomes are
not mutually exclusive, that is, a child can be engaged in different activities, depending on their
time constraints. Other notes are similar to Table 3. Standard errors clustered at the commune
and district level are in parentheses and brackets, respectively. Romano-Wolf adjusted p-values
for multiple hypothesis testing are in braces. Sources: Individual data are from TVSEP 2008-2017.
Rainfall data are from IMERG.
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Figures

Figure 1: Study Sample

Notes: Grey areas indicate three study provinces. Blue areas indicate the communes covered in
the study sample. Hue City is the area with red-colored boundary.
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Figure 2: The Effects of Adverse Rainfall Shocks on Child Health and School Enrollment,
by Age and Ethnic Group

(a) Health Status (b) School Enrollment Status

Notes: This figure plots the point estimate and lower/upper 95% confidence interval of the total
effects of current and previous year rainfall shocks on school enrollment status for different ages of
Kinh and ethnic minorities obtained from estimating Equation 3. The ethnicity-differential enroll-
ment effects of current year shocks for children age 16-18, and of previous year shocks for children
age 7-9 are robust to multiple hypothesis testing using Romano-Wolf approach. Rainfall shocks
are defined as in the main text. Sample includes individuals who appeared in at least two waves of
the survey. Analysis is restricted to age range 7-18. Regression includes individual age dummies,
interactions of age with current and previous rainfall shocks, indicator of ethnic minority, interac-
tions of minority indicator with current and previous rainfall shocks, interactions of age-minority
with current and previous rainfall shocks, number of siblings less than 15 years old, total rainfall
outside the typhoon season of current and previous years, province-specific wave fixed effects,
and individual fixed effects. Sources: Household and individual data are from TVSEP 2008-2017.
Rainfall data are from IMERG.
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Figure 3: Potential Pathways
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A Data and Attrition

Data and Sample The household and individual dataset is constructed from the Thailand-

Vietnam Socioeconomic Panel (TVSEP). The Vietnamese survey has been conducted in

2007, 2008, 2010, 2011, 2013, 2016, and 2017. In this paper, I use data from the 2008, 2010,

2013, and 2017 waves.

The survey is designed as a rooftop survey, that is, it does not track individuals or

split-off households. To construct a longitudinal dataset of individuals over time, I create

a unique identification for each individual, which is based on their gender and age. In

cases a household has two individuals of the same age and of the same gender, I then

consider their relationship with the household head, and the highest grade completed. I

drop 298 observations that are unable to distinguish based on observable characteristics

(e.g., twins), which accounts for 0.7% of the total sample.

Table A1 shows the number of households and their individuals in the TVSEP sample,

as well as in the final sample that is used in the main analysis. As for the total Vietnamese

sample, TVSEP has a relatively low attrition rate at the household level, which is 11.7%

over the period 2008-2017 or 1.2% annually. The low attrition rate is on par with other

high-quality household longitudinal data sets such as the Indonesia Family Life Survey

(Thomas, Frankenberg, and Smith 2001). Tracking a group of individuals aged 0-18 years

in 2008 over time, most of the attrition at the individual level during the 2008-2013 period

was caused by households exiting the survey sample. In 2017, however, attrition was

mainly due to individuals exiting the remaining households, which is expected given the

higher possibility of split-off households over time when individuals are now in adult-

hood.

Constructing Education Variables One particular concern about the construction of ed-

ucation outcomes is that the analysis data are not of consecutive years and thus changes
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Table A1: Sample Size

2008 2010 2013 2017

TVSEP Vietnamese sample

Number of households 2,148 2,107 2,010 1,898

Number of individuals 10,744 11,109 11,295 8,511

Sample of individuals 0-18 years old in 2008

Number of households 1,711 1,680 1,607 1,384

Number of individuals 4,003 3,938 3,743 2,877

Loss of individuals compared to 2008 - 65 260 1,126

Of which:

Loss by households exiting the survey - 61 216 361

Loss by individuals exiting the remaining households - 4 44 765

Of which, individuals older than 18 years - 1 21 618

Sample of children in the main empirical analysis

Number of households 1,446 1,434 1,230 891

Number of individuals 2,960 2,749 2,224 1,519

Share of male individuals 0.504 0.503 0.513 0.505

Share of Kinh individuals 0.750 0.735 0.674 0.697

Mean age 13.109 13.187 13.192 13.399

Median age 13 14 13 14

Notes: Sample of children in the main empirical analysis includes children who were 7-18 years
old at the time of any wave of the survey and appeared in at least two waves of survey.

in educational outcomes could be misattributed over time. For example, non-enrollment

in a given year may be a result of drop-out in a previous year, and not because of some

specific shock. This concern is mitigated with two additional survey questions that help

determine whether and when a student has dropped out of school, as well as whether

they have graduated. Specifically, the answer to the survey question “How old was

[the member] when he/she left school?,” determines when a child has dropped out of

school, and the answer to “What was [the member]’s highest educational attainment?”

helps verify whether a student has graduated, which together with data from other years

can help determine their graduation year. In defining the final analysis sample, I apply

two restrictions. First, if a child is reported to leave school more than two years prior to

the current survey, she is no longer in the sample analysis in the current and subsequent
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surveys. Second, if a child is reported to have attained grade 12 as her highest educa-

tional level and left school before the current survey, she is considered already graduated

and therefore not part of the analysis sample even if she is still in the school-age range.

Together, the two restrictions remove 440 observations from the final analysis sample.

This source of measurement error, however, becomes more concerning for on-track mea-

sure, for which I do not have additional information to infer the exact year during which

there was a delay in schooling. Therefore, findings on the on-track outcome should be

interpreted with caution.

Table A2 illustrates how enrollment and on-track variables are constructed. The first

individual (ID 1) is observed in four survey waves. The child was enrolled in school in

2008 and 2013, when they were 7 and 12 years old, respectively. In these two years, the

enrollment variable is coded 1. In 2010, because this child was not enrolled and did not

report to leave school, the enrollment variable takes value 0. In the 2017 survey, the child

reported to have left school when they were 13 years old and their highest educational

attainment was grade 6. As a result, their 2017 observation is not considered part of the

analysis. Turning to the on-track measure, the student was considered on track in 2008

because age minus grade is at most 6, but this student was not on-track in 2013 because

they progressed to the next four grades over the course of five years.

The second individual (ID 2) is also observed in four survey waves. The student was

enrolled in 2008-2010-2013 and considered on-track in these years. In 2017, however, they

were not enrolled in school and reported to have left school when they were 15. For this

student, I assume that the non-enrollment when they were 16 could have been attributed

to shocks that happened between the age of 14-16 (e.g., current and last year rainfall

shocks). As a result, the enrollment variable in the survey wave 2017 is coded 0 and their

2017 observation is still considered part of the analysis.

The third individual is first observed when they were 13 years old. Because of the

non-consecutive year structure of the panel data, their 2017 observation is automatically
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Table A2: Variable Construction

ID Year Age
Grade

If Enrolled
Highest

Attainment
Age

Left School Enrollment On-track Sample

1 2008 7 1 . . 1 1 Yes
1 2010 9 . . . 0 . Yes
1 2013 12 5 . . 1 0 Yes
1 2017 16 . 6 13 . . No
2 2008 7 1 . . 1 1 Yes
2 2010 9 3 . . 1 1 Yes
2 2013 12 6 . . 1 1 Yes
2 2017 16 . 9 15 0 . Yes
3 2008 13 8 . . 1 1 Yes
3 2010 15 10 . . 1 1 Yes
3 2013 18 . 12 17 . . No
3 2017 22 . 12 17 . . No

dropped from the analysis. Since the student reported to leave school when they were

17 years old, and already completed 12 years of education, the student was considered

graduated and their 2013 observation when they were 18 years old is not part of the

analysis.

Attrition Analysis Table A3 presents the attrition analysis for the sample of individuals

aged 0-18 years in 2008. I compare former-wave observable characteristics of individuals

and their households in each two-wave panel. Results from pairwise t-tests and the F-test

of overall significance suggest that attrition appears to be random until the survey wave

2013. In 2017, individual age, gender, and ethnicity are important determinants of the

attrition. However, there is no evidence of significant correlation between attrition and

the measure of rainfall shocks.

Based on this group, I then restrict the sample of main empirical analysis to children

who were 7-18 years old at the time of each survey wave and were surveyed at least

twice over the study period. The gender and ethnicity composition of the analysis sample

remains relatively stable over time, with approximately 50% being boys, and 30% being

ethnic minorities. So does the age distribution (See Table A1).
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B Placebo Test and Robustness Checks

B.1 Placebo Test

I perform a placebo test that uses the same sample of children but future rainfall shocks

as treatment variables. Previous (current) year rainfall shocks are defined using the ty-

phoon season of one year (two years) after the reference period. Because there is no serial

correlation in rainfall shocks over time at the local level, future rainfall shocks should not

affect current year child outcomes. If the effects of rainfall shocks on child outcomes doc-

umented in Table 3 are confounded with omitted variables or trend, this exercise would

yield estimates of rainfall shock coefficients of the same sign and similar magnitude to

those obtained in the corresponding analysis using the correct rainfall shocks. Table B1

shows that the estimated coefficients on rainfall shocks are smaller in magnitude and sta-

tistically insignificant. Underlying trends or omitted variables therefore cannot account

for the strong relationship between rainfall shocks and perceived health and education

enrollment reported in Table 3, further validating the identification strategy.

B.2 Robustness Checks

I present additional checks to confirm that the results are robust to different specifications,

measures of rainfall shocks, and samples. The key coefficients are shown in Table B2.

First, I explore the robustness of the results with alternative specification in which

time-varying household-level characteristics are also controlled. The inclusion of such

variables could help absorb residual variation and produce more precise estimates but

could also be problematic if these variables themselves are considered outcome vari-

ables. I re-estimate Equation 1 with the inclusion of time-varying household-level con-

trols. Specifically, these variables include whether the household head is male, whether

the household head’s main occupation is farmer, household size (number of members),
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Table B1: The Effects of Placebo Adverse Rainfall Shocks on Children

(1) (2) (3) (4)

Health Disease Enrolled Ontrack

Current year shocks 0.020 0.003 -0.003 -0.014

(0.026) (0.010) (0.008) (0.019)

[0.027] [0.010] [0.008] [0.016]

Previous year shocks -0.034 0.003 0.012 -0.025

(0.028) (0.010) (0.012) (0.019)

[0.027] [0.010] [0.014] [0.016]

𝑁 9012 9012 9012 8234

𝑅2 0.146 0.009 0.115 0.138

Sample Mean 0.585 0.045 0.914 0.809

Sample SD 0.493 0.208 0.281 0.393

Notes: Same as Table 3, except that previous (current) year rainfall shocks are defined as the sum
of standard precipitation index for months with observed rainfall exceeded historical monthly
levels by at least one standard deviation during the typhoon season of one (two) year(s) after the
reference period. Standard errors clustered at commune and at district level are in parentheses
and brackets, respectively. Sources: Individual data are from TVSEP 2008-2017. Rainfall data are
from IMERG.

the share of children less than 6 years old, the share of 16–59-year-old male members,

and the share of 16-59-year-old female members. The results are almost identical to those

obtained from the base specification.

Second, the main analysis considers only higher-than-long-term-average rainfall and

argues that these shocks can negatively affect the ripening/harvesting phase of main

crops. As the typhoon season spans from July to November, it might cover other stages

of production, where lower-than-long-term-average rainfall can potentially negatively af-

fect crop yields as well. I construct this type of rainfall shocks using a similar approach as

in Section 2.2, except that rainfall is considered negative if it is at least one standard devi-

ation lower than the long-term mean. I then re-estimate Equation 1 with the inclusion of

two types of rainfall shocks: lower-than-long-term-average and higher-than-long-term-

average. The main coefficients of interests are similar to the baseline results.
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Table B2: Robustness Checks:
The Effects of Previous Year Adverse Rainfall Shocks on Children

(1) (2)

Health Enrolled

Base specification -0.113 (0.022) -0.017 (0.010)

Standard errors clusted at the district level -0.113 (0.021) -0.017 (0.007)

Control for household characteristics -0.112 (0.022) -0.017 (0.010)

Control for negative shocks -0.111 (0.022) -0.015 (0.011)

Use balanced panel instead of unbalanced panel -0.103 (0.023) -0.014 (0.009)

Add weights -0.098 (0.022) -0.016 (0.010)

Drop DakLak province -0.090 (0.027) -0.018 (0.014)

Shock is defined as the number of months with SPI> 1 -0.157 (0.027) -0.015 (0.011)

Shock is defined as SPI for each month separately where SPI> 1 -0.331 (0.072) -0.045 (0.038)

Notes: Standard errors clustered at the commune level are in parentheses, unless noted otherwise.
Sources: Individual data are from TVSEP 2008-2017. Rainfall data are from IMERG.

Third, Dak Lak appears to be different from other two provinces in the Central Viet-

nam in terms of weather patterns, and agricultural production. Given that the average

rainfall is generally lower in Dak Lak with relatively little variation over time, positive

SPIs could be obtained even though the deviation from the long-term mean is relatively

small, making the rainfall shocks constructed based on one-month SPI misleading (World

Meteorological Organization 2012). I redo Equation 1 while removing this province.

Again, children exposed to more rainfall shocks during the typhoon season last year are

less likely to be healthy and enrolled in school.

Fourth, I test the robustness of the results by using a different measure of rainfall

shocks—the number of months with SPI exceeding one. Although this measure is easy to

interpret, it is not without disadvantage: we cannot take into account the intensity of the

shock. Specifically, a month of moderate above-average rainfall with SPI of 1.1 is treated

similarly as a month with more intense shock SPI of 2.0 (or above). While the average

effects on health and enrollment are of similar sign, they are less precisely estimated.

Fifth, one might worry that the original measure of rainfall shocks cannot capture
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the potentially different effects of two scenarios, for example, a rainfall shock of 3.3 could

mean there was extreme rainfall (SPI of 3.3) in one month or more moderate above-normal

rainfall (SPI of 1.1) in three months. To test if this is the case, I define shock as SPI of each

month with excess rainfall during the season. Because each year has at most three months

with SPI>1 during the typhoon season, I proxy for shock by three separate variables:

SPI of the first month (conditional on being greater than 1), SPI of the second month

(conditional on being greater than 1), and SPI of the third month (conditional on being

greater than 1) and estimate a variant of Equation 1:

𝑦𝑖𝑠𝑝𝑤 =
∑︁

𝑗=1,2,3

𝛽𝑐 𝑗𝑅𝑠𝑤, 𝑗 +
∑︁

𝑗=1,2,3

𝛽𝑙 𝑗𝑅𝑠𝑤−1, 𝑗 + 𝑋′
𝑖𝑤𝛾 +𝑊′

𝑠𝑤[ + \𝑖 + \𝑝𝑤 + Y𝑖𝑠𝑝𝑤 (S1)

where 𝑅𝑠𝑤, 𝑗 denotes the value of SPI of the 𝑗th month with excess rainfall (𝑆𝑃𝐼 > 1) during

the season. By estimating Equation S1, we can estimate the potentially differential effects

of, for example, three months with sum SPI 3.3 and a month with SPI 1.1. The coefficients

on 𝑅𝑠𝑤,1, 𝑅𝑠𝑤,2, 𝑅𝑠𝑤,3 obtained from this regression, however, are similar and I cannot reject

the null hypothesis that they are equal.

I then calculate the cumulative effect of current year rainfall shocks by computing a

sum of 𝛽𝑐1, 𝛽𝑐2, 𝛽𝑐3 and conduct hypothesis testing with the null hypothesis being 𝛽𝑐1 +

𝛽𝑐2 + 𝛽𝑐3 = 0. Similarly, I test the null hypothesis of cumulative previous year shocks.

As shown in the last row of Table B2, the results remain qualitatively similar. It should

be noted that we cannot directly compare the point estimates obtained from this exercise

with the base specification because the measure of shock is constructed differently. To

proceed, let us revisit the example above: suppose last year shock has 𝑆𝑃𝐼 = 3.3, and

we are interested in knowing the potentially differential effects of two scenarios: (i) one

month with 𝑆𝑃𝐼 = 3.3, and (ii) three months with 𝑆𝑃𝐼 = 1.1. According to the base

specification, the total effect of previous year shocks on perceived health status is 3.3 ×

(−0.110) = −0.333. According to this exercise, the corresponding total effect of previous
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year shocks is 1.1 × (−0.317) = −0.349. These two effects are similar in magnitude.

The results reported so far do not employ sampling weights and are from the analysis

of the sample of children who were surveyed at least twice. The results are robust to

using weights, and to the balanced panel of individuals who appear in all four waves of

the survey.

C Potential Mechanisms

The following Figure illustrates the multiple pathways via which exposure to rainfall

shocks can directly or indirectly affect the health and education of children. These mech-

anisms can be categorized into four groups: disease environment, household economic

conditions (spending on health and education), aggregate shock on local economy, and

education and healthcare supply. This section explains relevant empirical literature and

why disease environment, education and healthcare supply, as well as aggregate shock

on local economy are unlikely the mechanisms.

Potential Pathways

Excess
Rainfall

economic conditions
Household

Disease
environment

Aggregate shock
local economy

Education &
healthcare supply

Health
Spending on

& healthcare

Child
labor Education

education

Disease environment Above-average rainfall can harm children’s health through im-

mediate changes in the disease environment, including that of vector-borne, water-related

diseases, and enteric illnesses, particularly for vulnerable populations (Hales, Edwards,

and Kovats 2003). If heavy precipitation is associated with flooding and tropical cyclones,

the health effects could be more severe, including increased mortality rates. Although
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most physical health problems occur within four weeks of these weather events (Saulnier,

Brolin Ribacke, and Schreeb 2017), anxiety could last up to two years after, thereby wors-

ening their health (Alderman, Turner, and Tong 2012). The resulting poor physical and

especially mental health could in turn lower their education performance (Ding, Lehrer,

Rosenquist, and Audrain-McGovern 2009; Fletcher and Lehrer 2011).

The null effects on infectious disease incidence presented in Section 3 however imply

that it is unlikely the disease environment that could drive the results. In addition, that

rainfall shocks do not affect grade progression once students are enrolled in school also

rules out the mental health channel.

Education and healthcare supply Another mechanism is through the effects of heavy

rainfall on education and healthcare supply. Heavy rainfall associated with typhoons and

strong winds could destroy or damage health care facilities and schools, which might re-

sult in higher search and transportation costs, increasing the marginal cost of education

and health investments. If this is the case, then we should have also observed contem-

poraneous effects on health. It is hard to think that any damages to health care facilities

caused by rainfall shocks one year only affect student health next year but not the same

year. Thus, healthcare supply is unlikely the mechanism.

As for educational outcomes, we observe a decline in school enrollment following a

same-year shock, but such an effect is most prevalent among older minority children. We

also observe a decline in school enrollment following a previous year shock and such an

effect is driven by minority children. These seem to be consistent with education facili-

ties in remote areas for minority children more likely being damaged by rainfall shocks.

However, if education supply was the driver, we should have also observed a comparable

contemporaneous negative effects on enrollment among younger minority children.

Aggregate shock on local economy Excess rainfall can cause an aggregate shock to

the local economy, dampening demand for labor and decreasing both employment and
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wages. On one hand, this might decrease child labor participation and improve child ed-

ucation by lowering the opportunity cost of children’s time in school. It is also possible

that following an aggregate adverse shock, labor reallocation in the local market could po-

tentially improve marginal product of labor and thus positively affect local wage (Kirch-

berger 2017). In that case, parents would face trade-offs between investing in children’s

education and increasing child labor for productive work (Shah and Steinberg 2017). The

increase in child labor could interrupt their studies and adversely affect their health.

To test this mechanism, I examine the effects of adverse rainfall shocks on local wages

at the district and commune level. Using information from off-farm employment mod-

ule in the TVSEP dataset, district and commune wages are constructed as the median

and mean hourly wages that workers receive from their main occupation in the district

and commune, respectively. As shown in Appendix Table D6, there is no evidence that

supports the local wages mechanism.
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D Additional Tables and Figures

Table D1: Test for Serial Correlation in Rainfall Shocks

Dependent variable is current year rainfall shocks

(1) (2) (3) (4)

Previous year shocks 0.047 0.068 0.037 0.039

(0.031) (0.057) (0.054) (0.053)

[0.049] [0.061] [0.066] [0.066]

𝑅2 0.965 0.906 0.878 0.882

Province-wave FE Yes Yes Yes Yes

Observations 2090 440 9452 7170

Notes: Each cell is from a separate regression. The unit of analysis is commune-year in Columns
(1)-(2), and individual-year in Columns (3)-(4). The sample is the 2000-2019 period for Column (1),
the study period for Column (2), the unblanced sample of children during the study period for
Column (3), and the balanced sample of children during the study period for Column (4). In Col-
umn (1), shocks are defined as the sum of rainfall deviation from the long-term median monthly
rainfall level for July-November. In Columns (2)-(4) current (previous) year rainfall shocks are
defined as the number of months with observed rainfall exceeded historical monthly levels by at
least one standard deviation during July-November of (one year prior to) the reference period.
Standard errors clustered at commune and at district level are in parentheses and brackets, re-
spectively. Sources: Rainfall data are from IMERG.
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Table D2: Rainfall Shocks and Crop Yields

Rice Annual Crops Perennial Crops

(1) (2) (3) (4) (5) (6)

Current year shocks -0.023 -0.023 0.052 0.050 -0.040 -0.041

(0.008) (0.008) (0.104) (0.105) (0.033) (0.033)

[0.007] [0.008] [0.105] [0.103] [0.045] [0.045]

Previous year shocks 0.010 0.010 -0.000 -0.002 -0.037 -0.037

(0.009) (0.009) (0.092) (0.092) (0.035) (0.035)

[0.009] [0.010] [0.104] [0.104] [0.039] [0.039]

𝑁 4895 4895 4895 4895 4895 4895

𝑅2 0.092 0.094 0.034 0.036 0.012 0.013

Sample Mean 0.269 0.269 0.710 0.710 0.228 0.228

HH Controls No Yes No Yes No Yes

Province-wave FE Yes Yes Yes Yes Yes Yes

HH FE Yes Yes Yes Yes Yes Yes

Notes: Each column is from a separate regression. The unit of analysis is household-year. Rainfall
shocks are defined as in the main text. Sample includes 1,705 households with children in the
analysis sample. Crop yields are measured as total volume of production (kilograms) divided
by total area of cultivation (squared meters). Household controls include head gender, whether
head’s main occupation is farmer, household size, share of children less than 6 years old, share
of 16-59-year-old male members, share of 16-59-year-old female members. All regressions also
control for total rainfall outside of the typhoon season. Standard errors clustered at commune and
at district level are in parentheses and brackets, respectively. Sources: Household data are from
TVSEP 2008-2017. Rainfall data are from IMERG.

S15



Table D3: Rainfall Shocks and Household Diet and Spending

Diet
Composition

Spending
on Education

Spending
on Healthcare

(1) (2) (3) (4) (5) (6)

Current year shocks -0.095 -0.096 -9.437 -9.682 0.972 1.083

(0.069) (0.068) (9.015) (9.071) (9.401) (9.927)

[0.092] [0.091] [9.351] [9.186] [9.067] [9.419]

Previous year shocks 0.112 0.110 12.521 9.414 1.226 -0.383

(0.100) (0.100) (9.592) (9.741) (8.349) (8.279)

[0.127] [0.127] [8.986] [9.043] [9.682] [9.564]

𝑁 4895 4895 4895 4895 4895 4895

𝑅2 0.335 0.337 0.174 0.201 0.022 0.028

Sample Mean 5 5 118 118 58 58

HH Controls No Yes No Yes No Yes

Province-wave FE Yes Yes Yes Yes Yes Yes

HH FE Yes Yes Yes Yes Yes Yes

Notes: Each column is from a separate regression. The unit of analysis is household-year. Diet
composition is a count number of six food categories that households have consumed during the
reference period, including poutry, egg, beef, fish, vegetables, and fruits. Education and health
spending are expressed in per capita term, in PPP$2005. Other notes are similar to Table D2.
Standard errors clustered at commune and at district level are in parentheses and brackets, re-
spectively. Sources: Household data are from TVSEP 2008-2017. Rainfall data are from IMERG.
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Table D4: Rainfall Shocks and Transfers

Public Transfers Private Remittances

(1) (2) (3) (4)

Current year shocks 6.634 7.515 47.713 50.590

(10.520) (10.560) (23.406) (22.237)

[9.421] [9.476] [19.201] [17.171]

Previous year shocks 13.671 13.749 112.944 107.284

(11.516) (11.453) (31.737) (29.983)

[10.755] [10.672] [31.245] [29.934]

𝑁 4895 4895 4895 4895

𝑅2 0.004 0.007 0.047 0.090

Sample Mean 66 66 204 204

HH Controls No Yes No Yes

Province-wave FE Yes Yes Yes Yes

HH FE Yes Yes Yes Yes

Notes: Each column is from a separate regression. The unit of analysis is household-year. Public
transfers include all-purposed transfers from the government and other organizations. Private
remittances include transfers from relatives and friends. Other notes are similar to Table D2. Stan-
dard errors clustered at commune and at district level are in parentheses and brackets, respec-
tively. Sources: Household data are from TVSEP 2008-2017. Rainfall data are from IMERG.
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Table D5: Rainfall Shocks and Outcomes of Household Adults

Health Outcomes Labor Outcomes

(1) (2) (3) (4)

Health Disease
All

Actitivites
Economic
Activities

Current year shocks -0.016 0.007 0.005 0.005

(0.014) (0.009) (0.005) (0.006)

[0.014] [0.010] [0.005] [0.006]

Previous year shocks -0.025 0.005 -0.007 -0.005

(0.014) (0.009) (0.009) (0.009)

[0.016] [0.009] [0.008] [0.009]

𝑁 16357 16357 16357 16357

𝑅2 0.116 0.072 0.153 0.124

Sample Mean 0.282 0.097 0.910 0.882

Sample SD 0.450 0.296 0.287 0.323

Notes: Each column is from a separate regression. Rainfall shocks are defined as in the main
text. Sample includes individuals who appeared in at least two waves of the survey. Analysis is
restricted to 7821 individuals in the age range 20-59. All regressions include individual age, house-
hold controls (head gender, whether head’s main occupation is farmer, household size, share of
children less than 6 years old, share of 16-59-year-old male members, share of 16-59-year-old fe-
male members), total rainfall outside the typhoon season, province-specific wave fixed effects, and
individual fixed effects. Standard errors clustered at commune and at district level are in paren-
theses and brackets, respectively. Sources: Individual data are from TVSEP 2008-2017. Rainfall
data are from IMERG.
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Table D6: Rainfall Shocks and Local Wages

Local Agriculture Industry Service

(1) (2) (3) (4) (5) (6) (7) (8)

Median wage

Current year shocks -0.016 -0.025 0.017 -0.018 -0.027 -0.034 0.170 0.119

(0.032) (0.043) (0.041) (0.045) (0.068) (0.061) (0.139) (0.168)

Previous year shocks -0.012 -0.018 0.097 0.092 0.016 0.058 -0.164 -0.235

(0.047) (0.050) (0.081) (0.089) (0.057) (0.063) (0.131) (0.222)

𝑅2 0.529 0.631 0.693 0.771 0.570 0.714 0.464 0.458

Sample Mean 1.4947 1.4947 1.438 1.438 1.634 1.634 1.444 1.444

Mean wage

Current year shocks -0.006 0.000 0.037 0.032 -0.003 -0.022 0.210 0.211

(0.036) (0.058) (0.046) (0.068) (0.077) (0.079) (0.136) (0.166)

Previous year shocks 0.124 0.113 0.253 0.250 0.052 0.106 -0.171 -0.214

(0.096) (0.091) (0.183) (0.180) (0.105) (0.116) (0.137) (0.222)

𝑅2 0.329 0.403 0.580 0.637 0.555 0.676 0.382 0.397

Sample Mean 1.5749 1.5749 1.483 1.483 1.692 1.692 1.583 1.583

Province-wave FE Yes Yes Yes Yes Yes Yes Yes Yes

Commune FE No Yes

District FE No Yes No Yes No Yes

Observations 428 428 113 113 122 122 116 116

Notes: The unit of analysis is commune-year in Columns (1)-(2), and district-year in Columns
(3)-(8). Rainfall shocks are defined in the main text. In Columns (1) and (2), dependent variable
is constructed as median (mean) hourly wages that all workers receive from their main job in the
same village or commune, regardless of the industry in which they were working. In Columns (3)
and (4), dependent variable is constructed as median (mean) hourly wages that all workers receive
from their main job in the same district, in agricultural sector. In Columns (5) and (6), dependent
variable is constructed as median (mean) hourly wages that all workers receive from their main
job in the same district, in industrial sector. Standard errors are clustered at commune level for
the first two columns, and at district level for the remaining. Sources: Household and individual
data are from TVSEP 2008-17. Rainfall data are from IMERG.
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Table D7: Mechanisms: Rainfall Shocks and Household Outcomes by Ethnicity

(1) (2) (3) (4) (5)
Public

Remittances
Private

Remittances
Diet

Composition
Spending
Education

Spending
Healthcare

Current year shocks 6.253 39.599 -0.034 -24.036 -4.840

(10.884) (24.617) (0.068) (9.328) (10.805)

[12.298] [20.298] [0.083] [9.022] [11.133]

Current year shocks × Minority 1.942 24.059 -0.171 43.719 17.509

(7.521) (10.946) (0.047) (5.888) (8.362)

[14.087] [13.005] [0.034] [8.511] [9.572]

Previous year shocks 13.036 107.907 0.145 3.247 -2.518

(11.848) (32.323) (0.095) (9.034) (8.438)

[10.923] [30.879] [0.113] [8.621] [10.005]

Previous year shocks × Minority 10.984 4.452 0.098 13.726 6.872

(9.911) (25.053) (0.097) (9.758) (7.226)

[9.044] [25.345] [0.092] [9.600] [6.888]

𝑁 4895 4895 4895 4895 4895

𝑅2 0.004 0.047 0.339 0.188 0.024

Sample mean for Kinh 66.531 252.440 4.981 138.740 66.666

Sample mean for Minority 63.805 45.217 4.075 47.491 31.566

Notes: Each column is from a separate regression. Rainfall shocks are defined as in the main
text. Standard errors clustered at commune and at district level are in parentheses and brackets,
respectively. Sources: Individual data are from TVSEP 2008-2017. Rainfall data are from IMERG.
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Figure D2: Ground-based Rainfall vs. Satellite-based Rainfall

Monthly rainfall data for Hue City. The pairwise correlation coefficients between ground-based
rainfall and satellite-based rainfall in July, August, September, October, and November are 0.9199,
0.9643, 0.9417, 0.9383, and 0.9509, respectively. Sources: Ground-based rainfall data are from the
official website of the General Statistics Office of Vietnam and available for the 2002-2019 period
(Accessed July 2021). Satellite-based rainfall data are from IMERG and available for the 2000-2019
period.
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Figure D3: Distribution of Standardized Precipitation Index (SPI) by Month

Notes: This figure shows the distribution of standardized precipitation index by month. Stan-
dardized precipitation index of commune 𝑠 in month 𝑚 in year 𝑦 is calculated as 𝑆𝑃𝐼𝑚𝑠𝑦 =

(𝑅𝑚𝑠𝑦 − 𝑅𝑚𝑠)/𝜎𝑚𝑠 where 𝑅𝑚𝑠𝑦 is the observed rainfall for a given month 𝑚 in year 𝑦 at commune
𝑠, 𝑅𝑚𝑠 is the long-term mean for month 𝑚 at commune 𝑠, and 𝜎𝑚𝑠 is the corresponding standard
deviation. The index helps determine the level of excess relative to the climatological norm for the
location. Rainfall data are from IMERG and available for the 2000-2019 period.
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