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Abstract

Disasters can have long lasting effects, but understanding the breadth, variety and
longevity of their effects can be challenging. This paper examines the long term effects
and subsequent intergenerational transmission of exposure in childhood to the natural
disasters that have occurred in Latin America in the last 100 years. The identification
strategy exploits the exogenous variation in geographic location, timing and exposure
of different birth cohorts to natural disasters. This study measures individuals’ expo-
sure to each disaster based on their geographic location at birth to avoid any bias in
the estimates due to possible selective migration caused by each disaster. The main
results indicate that children in utero and young children are the most vulnerable to
natural disasters and suffer the most long-lasting negative effects. These effects include
less human capital accumulation, worse health and fewer assets when they are adults.
Effects are found to have a non-linear relationship with the level of development of
each country. Furthermore, the results provide evidence of the intergenerational trans-
mission of shocks, indicating that children born to mothers who had been exposed to
natural disasters also have less education and increased child labor.
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1 Introduction

Over the last 50 years, the number of recorded natural disasters has been increasing signif-

icantly, especially those related to global warming (Helmer et al., 2006; Van Aalst, 2006).

Governments and policy makers often evaluate the consequences of these shocks by focus-

ing primarily on the damage to infrastructure (Prestemon and Holmes, 2000). According

to these estimates, natural disasters cost an annual average of $901 million. However, this

damage estimation does not consider the effect of natural disasters on other dimensions

of welfare such as employment and education, which may have lasting effects (Baez et al.,

2010) and which are vital to consider when attempting to assess the full impact of the

shocks inflicted by a natural disaster.

In addition, there is a growing concern among economists and policy makers that

negative conditions experienced early in life may have persistent effects. Recent research

documents the long-lasting effects of shocks experienced in early childhood on child develop-

ment (Currie, 2009) and on adult outcomes in areas such as education, height, self-reported

health and socio-economic outcomes (Alderman et al., 2006; Almond et al., 2005; Maluccio

et al., 2009). Despite the strong evidence that shocks in early childhood have long-term

effects, and despite researchers’ increasing interest in the relationship between parental and

child health and education (Anger, 2010; Coneus and Spiess, 2012), there is, surprisingly,

limited research on the intergenerational transmission of shocks in early life.

Given the recent increase in the recorded number of natural disasters and the long-term

effects on the welfare of those exposed to these events, the primary research questions of

this paper are: What is the long term effect of natural disasters on education, health,

welfare and labor outcomes, and can this impact be transmitted to the next generation?

This paper estimates the impact of natural disasters, including the effects on both first

and second generations. In particular, the long-run effects of shocks experienced in early

childhood and their intergenerational transmission are examined using all natural disasters

occurring in Latin America in the 20th century.1 Additionally, this paper explores whether

there are generalizable patterns across different types of disasters in different countries.

1Since some disasters may have no records, every time this paper refers to all natural disasters occurring
in Latin America in the 20th century, it means all the recorded natural disasters that have occurred between
the years 1900 to 2000.
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Specifically, this paper separately estimates the impact of each type of disaster triggered

by natural hazards (floods, earthquakes, tropical cyclones, landslides and volcanoes) by

including all the events of each type.2 The identification strategy of this paper relies on

the exogenous timing and geographic variation of each disaster. It identifies as affected

those individuals who were exposed to natural disasters during their first 15 years of life.

In particular, this study measures individuals’ exposure to the disaster based on their

geographic location at birth to avoid any bias in the estimates due to possible selective

migration caused by the disaster. The main outcomes examined in this paper are the years

of education, the probability of being disabled, the probability of being unemployed, a

wealth index, fertility rate and child labor.

The heterogeneity of effects of each type of disaster and the persistence of their impact

across generations is also explored. In order to explore the heterogeneity of the impacts,

this study compares the impact of each natural disaster type at different ages in different

countries with different levels of development. Finally, this paper estimates the intergen-

erational impact of these shocks by identifying as affected those individuals with a parent

that has been exposed to a natural disaster during his or her first 15 years of life.

This paper makes three main contributions. First, this work takes a comprehensive

approach to study the impact of natural disasters by using data about all natural disasters

that affected one continent in the last 100 years. The standard approach in the literature

focuses on case studies that evaluate the impact of single specific shocks,3 but such studies

mainly focus on the estimation of extreme cases. As shown in Figure 1,4 the estimated loss

of years of education due to the impact of a natural disaster is greater for those studies that

only analyze extreme disasters.5 In particular, small disasters have a 30-99% smaller impact

2This paper focuses only on disasters triggered by natural hazards. Every time this paper mentions
the term natural disaster, it refers to disasters triggered by natural hazards. More information about the
terminology used in the disaster risk management literature has been included in the appendix.

3Baez and Santos (2007) show that the Hurricane Mitch in 1998 negatively impacted schooling, child
labor, health and nutritional outcomes between 1998 and 2001 among children in regions directly affected
by Mitch compared to children in control areas. Bustelo et. al (2012) also provides evidence of the negative
impact of the 1999 Colombian Earthquake on child nutrition and schooling. Moreover, Caruso (2017)
demonstrates that the great flood of Tanzania in 1993 negatively affected child height of the first and
second generation of affected individuals.

4In Figure 1 a natural disaster is classified as “Big” if it affects more individuals than the mean estimated
for its type. In the same way, a disaster is defined as “Small” if it affects fewer individuals than the mean
estimated for its type.

5Examples of studies that find relatively large effects of natural disasters due to focus on extreme disasters
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than big disasters for children exposed in utero. This paper complements the existing case

study analyses by obtaining an estimation of the impact of natural disasters in Latin

America that incorporates the whole distribution of events.6 Furthermore, this strategy

compares how exposure to different types of natural disasters at birth, in different countries

with different levels of development, leads to poor welfare outcomes, thus distinguishing the

effect of the shock from the intrinsic influence of its location of occurrence and examining

the role of different mechanisms like the level of destruction of each disaster.

The second contribution of this paper is an improvement in the accuracy of the estima-

tion of the effects, since another difficulty in capturing the long-term impacts of exposure

to natural disasters is that migration may occur as a consequence of the disaster. Tradi-

tional studies have used individuals’ location at the time of their surveys as a measure of

exposure, without recognizing the fact that selective migration may bias the estimations.

This paper accounts for those movements by using the birth location data included in the

national censuses to measure individuals’ exposure to each disaster. Disregarding this data

would lead to an incorrect classification of exposure for 7% of individuals, and the esti-

mated negative impacts of exposure to the natural disasters on years of education would

be 18% greater than if the individuals’ locations at the time of the censuses were used.

Third, this paper also expands the scope of focus of previous studies in two innovative

ways. The literature of shocks in childhood traditionally focuses on the effects of exposure

to shocks during gestation and the first two years of life. In contrast, this paper can

distinguish how exposure to different disasters at different ages, in utero to age 15, may

have different long lasting effects.7 Moreover, this paper contributes to the literature of

shocks in early childhood by providing micro estimates of how the impact of these shocks

can be translated to the next generation.

The main results of this paper indicate that the most fragile period for any individual to

receive this kind of shock is during the first years of life through school age. In particular,

those individuals exposed in childhood suffer long-lasting negative effects including less

can be found in Caruso and Miller (2015), Santos (2007) and Ureta (2005) where the effects on years of
education are 29-76% larger than the estimation obtained when all the disasters are incorporated.

6Case studies add an important heterogeneity to the results by exploring extreme cases. So, this paper
should be viewed as a complement rather than as a competing approach to identify the impacts of disasters.

7Some scarce literature that focuses on the long-term effects of other types of shocks (e.g., armed
conflicts) investigates exposure at different ages (e.g., Akresh et al., 2012; León 2012).
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human capital accumulation, worse health and less asset accumulation when they are

adults. Exposure in utero to natural disasters generates an average reduction of 0.3 years

of education.8

This study finds that unpredictable natural disasters impose the largest impact during

gestation and the first two years of life. However, natural disasters that allow governments

to take action before they impact, such as evacuating affected areas, are mainly relevant

for school ages due to the unavoidable damage to infrastructure. This paper further finds

that shocks affecting health are especially disastrous, particularly for education and em-

ployment.9

The empirical approach of this paper has allowed the possibility of comparing shocks

and has uncovered the fact that there is a non-linear relationship between the size of impacts

and the level of development in the countries where they occur. In addition, this study

provides evidence of the intergenerational transmission of shocks. The results show that

the children of women exposed to natural disasters are negatively affected with increased

child labor and decreased education.

The remainder of the paper is organized as follows. In the next section, an overview of

natural disasters and the problems caused is presented. Section 3 describes the data used

in the analysis and explains the key variables. Section 4 depicts the empirical identifica-

tion strategy, and Section 5 presents the main results and robustness tests followed by a

discussion of the results and policy implications. Finally, Section 6 concludes.

2 The impact of natural disasters

2.1 Natural disasters in the economic literature

Every year natural disasters affect almost every country worldwide. These types of events

are usually unpredictable and affect human lives in many different dimensions. At a

macroeconomic level, natural disasters may destroy infrastructure affecting industries,

growth and employment. However, at a microeconomic level they can destroy assets, affect

8Given that the average level of education in the sample is 7 years of education, which is equivalent
to the average duration of primary school in Latin America, the loss 0.3 years of education significantly
reduces the probability of finishing primary school.

9Natural disasters that affect water provision, such as floods, usually generate outbreaks of cholera
among other illnesses.
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nutrition and access to education and health services. In addition, natural disasters may

also cause water disruptions that generate outbreaks of illness. Furthermore, depending

on their intensity, disasters can directly provoke casualties in the affected areas.10

The literature analyzing the macroeconomic impact of natural disasters mainly focuses

on their effects on growth (Barro, 2009; Dercon, 2004; Noi, 2009). These works include

country level and meta-analysis studies. Some of these studies focus on the local economic

disruption caused by these events using district level data and an identification strategy

similar to the one used in this paper (Hornbeck, 2012; Hornbeck and Keskin, 2014).

The literature on the microeconomic effects of natural disasters has documented country

specific evidence of the disasters’ impact on the education of exposed individuals (Shah

and Steinberg, 2016). Examples of this evidence are the Guatemalan earthquake of 1976

that was found to negatively affect school grade completion (Stein et al., 2003). Similarly,

the tropical storm Stan in 2005 was found to be harmful for school enrollment (Bustelo,

2011), and the 2001 earthquake of El Salvador affected the likelihood of school attendance

(Santos, 2007).

Case studies have also found effects on individual health. Maccini and Yang (2009)

provided some of the best evidence for a long-term disaster-nutrition-morbidity link in

Indonesia. Their research also establishes that the amount of rainfall during the birth year

correlates positively with a person’s reported health status, lung capacity and height in

centimeters. Baez and Santos (2007) found in Nicaragua that children in areas affected

by Hurricane Mitch were 30% less likely to visit the doctor when needed, and that the

probability of malnourishment increased by 9 percent.

Finally, some natural disasters have labor market effects. In Bangladesh a flood was

found responsible for a wage reduction of 9% (Banerjee, 2007). In addition, after the

Agatha Storm in Guatemala, Baez et al. (2016) found that exposed adults coped with the

shock by increasing their labor supplyand simultaneously withdrawing their children from

school and relying on them for labor. Migration (Boustan et al., 2012) and agricultural

production (Mardero et al., 2015) were found to be other household labor and production

decisions affected by the impact of natural disasters. Other studies also find impacts on

10This paper follows the standard terminology of the natural disaster risk management literature. More
detail about this terminology has been added in the Terminology Appendix.

6



poverty (De la Fuente, 2010; Rodriguez-Oreggia et al., 2013), assets accumulation (Gignoux

and Menendez, 2016) and consumption (Kurosaki, 2015; Skoufias and Vinha, 2013).

All these studies are focus mainly on case studies or country studies. Yet these studies

may not represent the true effect of each type of natural disaster, and more importantly,

may be difficult to compare across countries. In addition, these studies focus on the direct

effects on individuals that have been exposed to disaster and ignore the fact that these

effects may be transmitted to the next generation of individuals.

Furthermore, these studies do not account for effects of the environment. As in any

natural experiment, the environment can affect the impact of shocks by either amplify-

ing or reducing them. For instance, it is likely that the impact of natural disasters may

be different in poor countries than in rich ones (Arouri et al., 2015). The unfortunate

lack of empirical studies dealing with this problem, however, makes the results of this

paper unique. This study fills this gap in the literature by analyzing both very partic-

ular shocks in particular environments and more general kinds of shocks such as floods,

earthquakes, tropical cyclones, landslides and volcanoes, thus exploring the heterogeneity

of their impacts. All the natural disasters registered in the Latin-American continent have

been analyzed with the aim of obtaining a global estimation of the effects of these kinds of

shocks and then understanding the determinants of the size of the impact of each type of

disaster.

2.2 Natural Disasters in Latin America

Latin America and the Caribbean form one of the regions of the world most susceptible to

natural disasters. Latin America’s geographic position makes it vulnerable to big geologi-

cal failures that translate into frequent and severe earthquakes. Unpredictable earthquakes

afflict the whole region, particularly along the fault-lines. Some of the most violent and

destructive earthquakes recorded have occurred in this region (Mexico, Haiti, Chile) along

with volcanic eruptions that usually cause health problems as well as important interrup-

tions to normal economic and social activities. The Caribbean, jointly with South Asia, is

also severely affected by tropical cyclones. On average at least one Caribbean island is hit

by a tropical cyclone each year (World Bank, 2017).

Fortunately for researchers, Latin America and the Caribbean have the most complete
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publicly available data among the regions with the highest number of natural disasters. Not

only are national censuses publicly available for the majority of countries in Latin America,

but these censuses also contain information about the place of birth of each individual. In

addition, the natural disasters data base better covers the Latin American region. This

information is key for the empirical strategy, so this paper focuses on Latin America and

the Caribbean Region.

2.3 The intensity of natural disasters

Latin American countries are mostly affected by floods (Table 1). Typically, more than

four floods may be expected each year on the continent. Floods can be riverine floods,

which are predictable with the current alert systems, and flash floods, which even with

the current technology are much less predictable than other types of disasters such as

tropical cyclones (Nadal, et al., 2009). The common consequences of floods include loss of

life, economic losses of planted crops, damage to infrastructure, disruptions in the electric

system, contamination of drinking water and loss of sewage disposal facilities. Given that

this type of shock affects access to drinking water, outbreaks of waterborne diseases are

usually expected after a flood. Furthermore, outbreaks after flooding (Ahern et al., 2005)

are more frequently documented than after earthquakes, volcanic eruptions, or other types

of natural disasters (Noji, 1997; Floret et al., 2007; Watson et al., 2007). Each year

floods affect many individuals in Latin America, and even floods in the 1st quartile of the

distribution may affect up to 2,000 individuals. While flooding is usually a disaster with

low mortality, the variability, as shown by the coefficient of variation, is significant, and the

economic damages can be serious. The intensity of floods varies widely. Some generate no

damage while other floods, like the ones that affected El Salvador in 1982 and generated

damages of $280 million, are extremely costly. Given the direct impact on health and

the high frequency and number of individuals impacted, floods that occur during early

childhood are expected to have long-term effects on those individuals, according to the

literature (Maccini and Yang, 2009; Ohl and Tapsell, 2000).

Tropical cyclones are the second most frequent phenomenon. On average, almost two

tropical cyclones impact Latin America per year. Tropical cyclones generate strong winds

that can damage and destroy infrastructure and private property and can cause even death
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(Kwasinski et al., 2009; Padgett et al. 2008; Reed et al., 2010). This type of event

can be highly destructive. An example of this destructive power is the 1980 Hurricane

Allen that caused an estimated damage of $400 million in Haiti. In comparison with

the large destruction in infrastructure, the number of people killed by tropical cyclones is

usually relatively small, with 75% of them killing fewer than 60 people. Tropical cyclones

are the most predictable events among the natural disasters, and this likely explains the

low mortality resulting from the majority of these shocks (Charveriat, 2000). However,

as highlighted by the Kurtosis coefficient, some extreme events have caused numerous

casualties.

The third most numerous of the natural disasters affecting Latin America are earth-

quakes, with almost two earthquakes per year on the continent. Earthquakes are one of

the most expensive types of shock. One out of four earthquakes generates more than

$180 million in damage to infrastructure destroying buildings and other rigid structures

(Samadzadegan and Zarrinpanjeh, 2008). Furthermore, when there is ground rupture the

size of the damage increases because of the major risk to large engineering structures such

as dams, bridges and nuclear power stations (Mimura et. al, 2011). Because of its un-

predictability, this type of shock may be terribly deadly (Geller et al., 1997; Wyss, 2001).

But, as shown by the Kurtosis coefficient and the coefficient of variation, the intensity of

these disasters varies greatly. Some earthquakes provoke almost no casualties while other

earthquakes cause extreme damage like the Chilean earthquake of 1939 that killed almost

30,000 people.

Landslides are disasters that are expected to occur an average of once per year in

Latin America. Landslides vary greatly in terms of the number of people affected. Some

landslides occur in isolated rural communities while others affect whole towns, like the

1966 landslide of Rio de Janeiro. This kind of event is usually predictable (Fabbri et

al., 2003), which commonly reduces the number of deaths. However, each landslide has

large destructive power (Fleming and Taylor, 1980). The most damaging landslides (25% of

them) destroy a minimum of $400 million in infrastructure in addition to affecting property

values, forestry and agriculture (Hilker et al., 2009).

Volcanoes are the least frequent natural disaster in Latin America, but even the 25%

least intense volcanic eruptions may affect up to 2,000 people. There is enormous variability
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in terms of casualties resulting from this type of shock, which can be very deadly in

some concrete cases. For example, the volcanic eruption of 1985 in Colombia, the second-

deadliest volcanic disaster in the 20th century, killed over 21,000 individuals. In addition

to direct casualties, volcanic eruptions may generate respiratory illness as a consequence

of their emission of ash (Longo and Yang, 2008) as well as other economic consequences

(Annen and Wagner, 2003; Neil et al., 1998).

Finally, an important fact to point out is the existence of extreme events. The dis-

tribution of the intensity of natural disasters may be skewed by these extreme disasters.

Table 1 presents the summary statistics per event in the disaster database. As shown in

this table, the Skewness coefficient is positive for the three indicators of intensity for all

the natural disasters. Moreover, the mean in terms of number of people killed, number of

people affected and damages is usually larger than the 75th percentile. This fact indicates

that extreme events are outlying realizations of the probability distribution. The Kurtosis

coefficient also accounts for a distribution of disasters with heavy tails. In other words,

much of the variation observed in the intensity of natural disasters comes from infrequent

extreme deviations from the mean.

3 Data

3.1 National Censuses

In order to analyze the impact of natural disasters on a set of outcomes that measure

welfare, this paper uses the publicly available census of each country in Latin America and

the Caribbean. These surveys provide information about the date and place of birth of

each individual, and the information is available at district level. In particular, this study

defines a district as the lowest subnational level available in each census. The size of each

district depends on the political division of each country. In some countries like Colombia,

the lowest subnational level is the municipality; in some others like Jamaica, the lowest

subnational level available is the Parish. This data is provided by the Integrated Public

Use Micro data Series (IPUMS) and includes the following countries: Argentina, Bolivia,

Brazil, Colombia, Costa Rica, Ecuador, El Salvador, Haiti, Jamaica, Mexico, Nicaragua,

Panama, Peru, Uruguay and Venezuela.

10



IPUMS-International is a database that contains censuses from almost all countries and

is the world’s largest publicly available bank of census samples. The database is organized

following the same approach across time and countries to allow researchers to compare

the results of their investigations across samples. These cross-sectional surveys provide

information at the individual level on demographic topics such as years of education, em-

ployment status, employment disability status and fertility. The censuses also provide

information about household assets such as access to clean water, access to electricity and

number of rooms per capita. In order to capture the wealth of each household, this paper

calculates a multidimensional measure of wealth. This is a wealth index based on a prin-

cipal components approach that includes information about the assets available for each

household, thus allowing to identify its financial status.11

3.2 Timing, location and intensity measures of each disaster

In order to get information about the place and date of the occurrence of natural disas-

ters, this study uses data from the Emergency Events Database (EM-DAT). The EM-DAT

is a database of natural disasters that includes variables measuring the intensity of each

disaster. In particular, the natural disasters included in this study are geophysical natural

disasters (earthquakes and volcanoes), hydrological natural disasters (floods and landslides)

and meteorological natural disasters (tropical cyclones). This database covers the occur-

rence of natural disasters worldwide from 1900 to the present. Disasters that do not satisfy

a minimum requirement in terms of intensity are not included in this database. Those

disasters that are included in the EM-DAT satisfy at least one of the following conditions:

if 10 or more people died because of the disaster, if 100 or more people are affected by

the disaster, if the affected country declared a state of emergency, and/or if the affected

country called for international assistance.

To measure the intensity of the impact of each disaster, this investigation uses three

variables included in the EM-DAT: the number of people killed by each disaster, the number

of people affected and the damage estimated in U.S. dollars. When these variables are

missing from the database, they are supplied according to data found in another database

11A data appendix has been created to provide information about the construction and definition of the
variables explored.
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called DESINVENTAR.12 DESINVENTAR is an inventory system of the effects of disasters

that reports the number of victims, people affected and damage provoked by each natural

disaster.

3.3 Natural Disasters Data Base Construction

As mentioned before, the disaster data for this paper has been drawn mainly from the

EM-DAT dataset. EM-DAT is one of the most complete databases of natural disasters

because it incorporates disasters that have occurred since 1900. However, some researchers

have pointed out that the list of disasters in EM-DAT is incomplete; the database may not

include 100 percent of the disasters that have occurred. Although EM-DAT incorporates

disasters from the beginning of the 20th century, some disasters may be missing because

EM-DAT only registers a disaster that fits its definition according to the number of people

killed or affected, or whether a state of emergency or call for international assistance is

issued.

As stated by EM-DAT, the database is made up of information from various sources

including UN agencies, non-governmental organizations, insurance companies, research in-

stitutes and press agencies. Priority is given to data from UN agencies, governments, and

the International Federation of Red Cross and Red Crescent Societies. This prioritization

is not only a reflection of the quality or value of the data, it also reflects the fact that most

reporting sources do not cover all disasters and operate under political constraints.

The dataset includes three measures of the intensity of each disaster: number of deaths,

total number of people affected and estimated damage. The number of deaths is defined as

the number of people who lost their life because the event occurred, while ”people affected”

is defined as those suffering from physical injuries, trauma or illness requiring immediate

medical assistance as a direct result of a disaster, those whose homes are destroyed or

heavily damaged and therefore need shelter after an event, and the people requiring imme-

diate assistance during a period of emergency, i.e. requiring basic survival needs such as

food, water, shelter, sanitation and immediate medical assistance. Finally, the estimated

12Since some authors have identified discrepancies between different natural disaster databases, only those
natural disasters that have consistent information in both databases (EM-DAT and DESINVENTAR)
are included in this study. However, the most relevant information for this study (location and date of
occurrence of each natural disaster) was found to be consistent in 99.69% of the cases.
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damage is the amount of damage to infrastructure in US dollars.

To identify missing disasters, an alternative dataset is used. DESINVENTAR is another

well-known natural disasters dataset that includes disasters after 1980. DESINVENTAR

is used to complete the list since coverage may be more incomplete in some countries

than in others. DESINVENTAR frequently has multiple entries for the same event, since

it records a separate event for each affected district. To compare the disasters in both

datasets, this paper computes each disaster as one event regardless of the number of records

registered. However, the majority of the disasters found in DESINVENTAR after 1980 for

Latin America were also found in EM-DAT. Once the list was established, the location of

disasters was obtained from the raw data of EM-DAT or DESINVENTAR. If such data

was unavailable, a search for the details of each disaster was conducted until the affected

locations could be identified.

Naturally, information systems have evolved across time, and the coverage of more

recent events has improved significantly. Since this paper includes natural disasters from

the early 20th century, a potential reporting bias may affect the results of this paper. This

study addresses this issue by replicating the main regressions using only recent natural

disasters. The results are consistent with results derived from all the disasters of the 20th

century.

3.4 Preliminary observations

When analyzing differences in terms of the geographical dimension, the balance analysis

shows no clear pattern in any set of districts in terms of welfare. In Table 2, the charac-

teristics of affected individuals are compared between affected and non-affected districts.

In particular, panel A compares the characteristics of the adults analyzed. In terms of

education and disabilities, affected districts appear to be less deprived than non-affected

districts. For other characteristics such as fertility and unemployment, the table shows no

significant difference across districts. Panel B presents a comparison of the characteristics

of households between the affected and the non-affected districts. This study observes that

the affected areas are wealthier and enjoy greater access to electricity and current water.

However, this correlation cannot be interpreted as a causal relationship between depriva-

tion and the impact of natural disasters since the assets are recorded after the occurrence of

13



the disasters. Finally, in Panel C, this research compares the characteristics of individuals

younger than 20 years old. Among the characteristics investigated, this panel shows that

only the years of education for individuals 5 to 20, and the probability of finishing primary

school for individuals 15 to 20, are statistically different between the affected and the non-

affected districts. This indicates that the non-affected districts are the most deprived in

these dimensions.13

Even though the results from Table 2 indicate that the differences, if any, between

districts are favorable to the affected areas, any bias resulting from pre-existing, time-

invariant district differences between affected and non-affected districts is avoided with the

use of district fixed effects in the identification strategy of this paper. However, outcomes

such as education may follow different trends across districts that may bias the estima-

tions. To address this potential bias, district-specific time trends are included. Of course,

even controlling for these observables, in the case of selective assistance after a disaster,

the results may only represent a lower bound for the pure effect of natural disasters. For

example, if a government discretionally offers social plans to certain groups in a district,

and that is correlated with unobservable characteristics of individuals, that also may de-

termine the outcomes analyzed and may show a lower impact of the disasters.14 However,

remedial programs and insurance for aggregate shocks are modern approaches that are

almost completely absent from the majority of shocks in this study. In addition, if another

event occurs during the same time period and in exactly the same location as a disaster

event, that event might correlate with both the disaster’s occurrence and the changes in

individuals’ welfare. If this were the case, observed changes in socioeconomic status might

be incorrectly attributed to the disasters.15 For these reasons, a model using intensity

measures has been estimated, and the results find no presence of this type of bias.

13In addition to analyzing differences across affected and non-affected regions, this paper finds no statis-
tically significant differences in the proportion of affected individuals for any particular cohort when testing
for differences in the proportion of exposed individuals per age group.

14In this hypothetical example, a positive correlation between the probability of being exposed to both
a natural disaster and a social plan, in addition to the potential positive correlation between social plans
and the socioeconomic status of individuals, may generate a positive bias that underestimates the negative
impact of natural disasters.

15In the same direction as the last hypothetical example, a positive correlation between the probability of
being exposed to both a natural disaster and another event like an economic crisis, in addition to a potential
negative correlation between that event and the socioeconomic status of individuals, may generate a negative
bias that overestimates the negative impact of natural disasters.
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Finally, other potential biases that may affect the model presented in the next section

are explored in the robustness check section of this paper. For example, to control for

individual characteristics that may vary independently of the natural disasters, this study

also estimates the effects of the natural disasters using the oldest census available as a

control group. In addition, false experiments are performed simulating false dates and

false locations for different types of natural disasters to avoid spurious results. A potential

bias regarding endogenous fertility is also explored in the robustness check section. This

study finds no evidence that any of these issues affect the results obtained by the empirical

model explained in the next section.

4 Empirical identification strategy

The empirical identification strategy relies on a comparison of each outcome for similarly

aged individuals in affected and non-affected districts. The implicit assumption is that

differences across birth cohorts in each outcome of interest would be similar across affected

and non-affected districts in the absence of the shock. This paper first estimates the

following regression with district and birth cohort fixed effects:

Yijt =

14∑
t=−1

βt(Born inAffectedAreaj ∗During Shock Age = tt)

+ αj + δt + γjt + θXijt + µijt

(1)

where Yijt is the outcome of interest for the individual i born in district j that belongs to

cohort t; Born inAffectedAreaj ∗Age = tDuring Shockt is a dummy variable that takes

value one if in district j there was a natural disaster when individual i was t years old (where

-1 means during gestation); αj are district fixed effects; δt are cohort fixed effects; γjt are

district-specific time trends; Xijt are individual control variables that include gender fixed

effects; and µijt is a random, idiosyncratic error term. β measures the impact of natural

disasters on outcome Yijt for individuals who belong to cohort j at the time of the impact

of the natural disaster in the affected districts.

This model measures the direct effect of natural disasters. For the model, only adults

older than 20 years are included in order to consider only individuals who have finished

their educational investments. The average number of years of education in Latin America
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is 7 for the database used in this paper, so the assumption that people older than 20 have

finished with their education seems reasonable.16 In this difference-in-difference model,

an individual is classified as affected if he is part of the affected cohort and born in the

affected district. For the control group this study considers those individuals born in

affected cohorts but in non-affected districts, those born in affected districts in non-affected

cohorts, and those born in non-affected areas in non-affected cohorts.

Additionally, in order to identify the effects of shocks and determine the intergenera-

tional transmission of effects on the next generation, this paper uses the exposure of the

parents of each child and generates the following equation:

Yijt =

14∑
t=−1

βt(ParentBorn inAffectedAreaj ∗During Shock ParentAge = tt)

+ αj + δt + γjt + θXijt + µijt

(2)

where Yijt is the outcome of interest for individual i with parents born in district j and

that belong to cohort t; ParentBorn inAffectedAreaj∗ParentAge = tDuring Shockt is

a dummy variable that takes value one if in district j there was a natural disaster when the

parent of individual i was t years old (where -1 means during gestation); αj are district fixed

effects; δt are cohort fixed effects; γjt are district-specific time trends; Xijt are individual

control variables that include gender fixed effects; and µijt is a random, idiosyncratic error

term. β measures the impact of natural disasters on the outcome for offspring of individuals

who are part of cohort t during the natural disaster.

The last model measures the indirect impact of natural disasters. For this model, only

individuals younger than 20 years are included. This assumption is made since the data

supplies only the parents’ information if the offspring lived with their parents (because

the census follows households, not individuals). The purpose is to avoid having older

individuals who still live with their parents because that could lead to a selected sample.

Since the starting age of formal education is 5, the sample includes only individuals between

16The results are robust to the usage of different age cut-offs and to the usage of a Tobit model to avoid
any censoring concern.
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5 and 20 years. An individual is classified as exposed to the shocks if his parents were born

in an affected district and are part of the affected cohort.

The estimation of the equations above assumes that the intensity of each shock is

similar. To differentiate the effect of each shock, this study controls by its intensity, and to

corroborate that the observed differences across districts and birth cohorts in each outcome

are in fact due to the natural disasters, this paper estimates regressions using the intensity

measures for the natural disasters in the following way:

Yijt =

14∑
t=−1

β(Intensity of Naturaldisasterj ∗Age = tDuring Shockt)

+ αj + δt + γjt + θXijt + µijt

(3)

where Intensity of NaturalDisasterj ∗ Age = tDuring Shockt is measured by the

number of individuals affected per 10,000 individuals, the number of people killed and the

damage in USD, if a disaster happened in district j when individual i was t years old (where

-1 means during gestation). This paper also uses the number of deaths and the damage in

US dollars caused by the disaster as robustness checks for the intensity measures. All the

models include gender, cohort, and district fixed effects as well as district-specific trends.

5 Results

5.1 From case studies to comparable results

Cases studies analyze specific events that may not necessarily be replicable because of the

characteristics of the environment where they occur and because of the characteristics of

the event per se. Moreover, as highlighted in the introduction, the majority of studies

about the impact of natural disasters focus on relatively big events that may have different

impacts than medium or small disasters. To illustrate this point, in Tables 3 and 4 the

main regressions are performed including all natural disasters above and below the median

number of affected individuals to classify big and small natural disasters, respectively. This

analysis has also been performed using the arithmetic mean as the threshold for big and

small disasters. Both thresholds show similar results. The results using the mean are

presented in Figure 1, which collapses the results in the in utero period and in the ages
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0-2, 3-6, 7-11, and 12-15. This analysis finds persistent effects for individuals exposed

by relatively large disasters in early childhood and in older ages (Table 3). However,

the effects for impacts at older ages do not seem to be economically relevant for smaller

disasters (Table 4). These estimations also point out the bias in comparing results from

shocks that may be an extreme realization of the distribution of shocks instead of taking

into account the entire distribution of natural disasters.17

The majority of studies that estimate the impact of natural disasters focus on extreme

events. This particular type of study is valuable for explaining details of the impact of a

particular disaster in a particular environment. However, generalization and comparison of

those effects may lead to biased estimations. For that reason, any generalizations should be

considered as the estimations of a realization of a variety of natural disasters. For instance,

Caruso and Miller (2015) estimate that exposure in utero to the Ancash earthquake of 1970

generated a loss of 0.7 years of education. The Ancash Earthquake was the most severe

natural disaster in the history of Peru affecting more than 3,000,000 people.18 In contrast,

this study finds that exposure in utero to earthquakes in general generates of a loss of 0.2

years of education; generalization of the results from Caruso and Miller (2015) would lead to

an overestimation by 250% for the in utero estimations. These differences between general

and particular estimates point out the necessity of an empirical strategy that incorporates

the entire distribution of disasters instead of just the extreme cases.

In addition to the size of the natural disasters, this paper finds that when analyz-

ing natural disasters in different countries the results may differ. For instance, the flood

that affected Argentina in 1967 had an impact on years of education only if it impacted

individuals during their first five years of life, while the 1966 landslide in Brazil had an

effect on education if it impacted individuals in utero and in their first year. However, the

analysis that includes all the natural disasters occurring in the last century (presented in

the following subsection) contradicts these results. Thus, in those cases it is even harder

to determine if the different results are due to the size of the disasters or due to other

characteristics of the countries where the shocks occurred.

The potential negative effects of natural disasters depend on the degree of development

17Similar results hold if the disasters are classified according to the number of people killed or the economic
damages.

18The Ancash earthquake is considered above of the median of affected individuals.
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of each country. Figure 2 presents the average effect on years of education and the average

GDP per capita of the last 50 years. Contrary to the belief that the impact of natural

disasters may have a linear relationship with the countries’ degree of development, the

relationship is clearly not linear. In fact, this relationship follows a U-shaped pattern. On

one hand, the countries on the bottom of the GDP per capita distribution usually have a

lower level of human capital accumulation, independent of the occurrence of a shock. The

impact of natural disasters is thus limited by the low asset accumulation of those countries.

On the other hand, countries at the top of the GDP per capita distribution commonly have

better infrastructure and preventive systems to resist shocks. Countries in the middle that

are accumulating assets but still have not the necessary infrastructure to ameliorate the

impact of natural disasters are the countries that mainly drive the results found in this

paper.

Given that the discussion above highlights the relevance of analyzing many realizations

across different contexts instead of focusing on the results of individual case studies, this

study estimates the impact of different types of natural disasters. The next subsection

expands the database to include all the natural disasters occurring in the last century, in

all the countries.

5.2 Effects on Education for the First Generation

By including all the natural disasters that have occurred in different contexts, this study

finds results that differ from those presented by country specific studies. This finding high-

lights the contribution of combining many similar shocks from different countries in the

same study. In particular, this work finds that for education, the relevant age for each type

of disaster varies with the specific shock. From here, this paper defines a set of hypotheses

to be tested empirically and discussed in a systematic way, based on discussion in the

previous sections.

Hypothesis 1a: Natural disasters hinder human capital formation when individuals are

exposed during cognitive development or school age.

Hypothesis 1b: Effects in the first years of life are preventable when shocks are pre-
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dictable since they allow households to evacuate potentially affected areas and avoid suffer-

ing a lack of basic goods for their children; impacts during school age are usually related to

the destruction of infrastructure, such as schools and means of transport, which is hard to

avoid.

Figure 3 shows the estimation of the main model for different types of shocks.19 As

mentioned before, since in Latin America schooling begins at the age of five and the average

years of education in this sample is seven, this paper includes only those individuals older

than 20 years in order to observe the number of completed years of education. According

to Figure 3a, an individual impacted by a flood while he was in utero has 0.472 fewer

years of education (equivalent to a 0.1 standard deviation) compared to those not exposed.

This effect decreases if the individual is exposed after the aged of 6, except for individuals

exposed at ages 12 to 15 when they are finishing primary school and beginning secondary

school.

In Figure 3b the effect of earthquakes on years of education is shown. In this case,

the effect on education is relevant if the individual is affected during the first four years of

life or during the first years of secondary school (ages 12 to 14). Surprisingly, the results

for tropical cyclones in Figure 3c show no statistically significant effects for individuals ex-

posed during the first years of life. However, the impact becomes relevant if the individual

is exposed at school age. One factor that may explain this differential result is that, in

comparison with the two natural disasters previously analyzed, this disaster is predictable,

thus giving people enough time to avoid risk areas. Although predictable, tropical cy-

clones provoke damage to infrastructure that cannot be safeguarded, which may explain

the negative effects found during school age.

In Figure 3d, the estimations suggest that the impact of landslides is relevant from a

statistical and economic perspective if the individual is exposed between the in utero pe-

riod and the first 15 years of life. This study finds that the impact is larger for individuals

younger than seven years. This type of shock can be extremely destructive and is unfor-

tunately as unpredictable as floods and earthquakes. As a consequence, the destruction

19The standard errors are clustered at district level. In addition, many robustness checks have been
performed where the results are consistent when clustering at the province and country levels, or when
using a two-way cluster-robust covariance matrix.
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includes not only schools and health centers but also basic service facilities such as water

purification plants that impact individuals’ health. This suggests that the destruction of

infrastructure can reduce the education of an individual exposed at the in utero period

by 0.486 years, and the greatest impact of this kind of shock occurs during the first seven

years of life. Thus, as the size of the impact decreases, the age of the impacted individual

increases.

Finally, Figure 3e shows that the impact of a volcano is relevant if the individual is

exposed at the in utero period or at school age. This type of shock allows individuals to

escape and avoid part of the impact, but the damage to infrastructure and access to basic

services like piped water is total, with almost all infrastructure destroyed that is touched by

lava from the volcano. Moreover, gases emitted by the eruption of the volcano may produce

several respiratory illnesses, particularly during the in utero period (Soto-Martinez et al.,

2009).20

In summary, we find a negative effect of natural disasters on human capital formation.

Furthermore, the effect of each disaster has a pattern related to the age of affected individ-

uals with the youngest children shown to be the most fragile group against the impact of

natural disasters. This study also determines that those natural disasters that are harder

to predict are the ones with the largest effects. Thus, the Hypotheses 1a and 1b could not

be rejected.

5.3 Effects on Health and Labor Outcomes for the First Generation

Apart from the effects on education, natural disasters can affect other dimensions of wel-

fare such us employment disabilities and unemployment. Therefore, this study proposes

the following hypothesis:

Hypothesis 2: Natural disasters increase the likelihood that a disability prohibits an in-

dividual from working and increase unemployment in the long term.

20Although volcanoes may appear to be benign, the fall of the ash may not only have health impacts
(Longo and Yang, 2008) but also impacts on agriculture that affect rural household income (Neil et. al,
1998). Other studies have analyzed the impact of Volcanoes and found negative impacts (Annen and
Wagner, 2003).
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The census data do not contain questions about health outcomes, but they do contain a

self-reported employment disability status variable. This question is present in the majority

of the countries and identifies individuals who are unable to work because of any kind of

disability. In Figure 4 the estimation of employment disabilities for those that should be

able to work is presented. To be consistent with the education estimation, the effects for

adults older than 20 are analyzed. From the figure it is possible to see that all the shocks

generate significant increments in the probability of being disabled, taking into account

that the probability of being disabled to work in the control districts is 0.024, for all the

natural disasters analyzed. Tropical cyclones are the natural disaster with the strongest

impact, generating an increase of 0.030 (equivalent to 0.24 standard deviations) in the

probability of being disabled if an individual is exposed to a shock in utero. Furthermore,

the impact of the shock is stronger when it occurs in the first 8 years of life. However, when

controlling for the intensity of each disaster, the impact on disabilities is less unequal across

age groups. These results suggest that the effect is driven by the destructive power of each

type of disaster. Disasters that generate bigger destruction (tropical cyclones, earthquakes

and landslides) more dramatically increase the probability of suffering health problems that

prevent an individual from working.

The effects of natural disasters on unemployment are shown in Figure 5. Surprisingly,

the results are consistent with the findings for education. In Figure 5a, the results for the

impact of floods during early childhood on unemployment in the long run are presented.

Floods are found to increase the unemployment of individuals affected in utero by 0.009.

This represents an increase of 10% on the probability of being unemployed. The effect of

floods on unemployment is statistically and economically significant if the individuals are

exposed to a shock in the first five years of life and during the first years of high school,

mimicking the results from Figure 3.

Figure 5b shows the effect of earthquakes on unemployment. In particular, the results

indicate that the impact of earthquakes during the first four years of life increases un-

employment by 0.003. The impact of this type of shock is also significant for school age

individuals.

The impact of tropical cyclones is shown in Figure 5c. For individuals in utero during

a tropical cyclone, the probability of being unemployed is 0.009. The effect of tropical
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cyclones is relevant if the individual is impacted during the first five years of life and

during the transition from primary to secondary school (ages 11 to 13). Although tropical

cyclones do not impact education for individuals exposed during their first years of life,

tropical cyclones do impact employment disabilities, as shown before, which may partially

explain why there is no effect in the first years of life for education while there are effects

for unemployment.

Events like landslides strongly affect the infrastructure and economic situation of the

areas they touch. Figure 5d shows that the effect on individuals is relevant during the first

years of life. Moreover, the greatest impact of landslides is found when the event occurs

during the in utero period with unemployment increasing in the long run by 0.009, meaning

that the destruction caused by landslides affects the health status of fetuses. This effect

decreases as the age of the affected individual increases.

Finally, Figure 5e shows the effect of volcanoes on unemployment. The effect of these

shocks is significant in the first seven years of life. For instance, an individual exposed to

a shock in the first year of life suffers an increase in his probability of being unemployed

in the long run by 0.015 (equivalent to 0.1 standard deviation).

Thus, Hypothesis 2 cannot be rejected. This study finds that natural disasters in-

crease the likelihood that a disability prohibits an individual from working and increases

unemployment in the long term.

5.4 Effects on Other Outcomes for the First Generation

Natural disasters cause shocks that can affect many dimensions of welfare apart from ed-

ucation, health and labor outcomes. For that reason, this paper hypothesizes the following:

Hypothesis 3a: Natural disasters affect physical assets accumulation.

Hypothesis 3b: Natural disasters disrupt fertility decisions.

Hypothesis 3c: Natural disasters generate incentives to migrate.

In order to capture the effect of natural disasters on wealth, this work generates an
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index using census information about assets such us rooms per capita, access to current

water and ownership of the household. In Figure 6 results for the main specifications are

shown using the wealth index as the explicative variable for the exposure of the head of

household. The first column shows the effects of floods on wealth if the head of household

has been affected. In terms of wealth, the shocks are relevant if the individual is affected

at school age, including preschool, primary school and the first years of high school.

This study finds significant effects on wealth of earthquakes and volcanoes for almost

all ages. The main difference between these shocks is that the impact in utero is larger

for volcanoes, reducing wealth by 0.98 (equivalent to 0.9 standard deviations) if a head of

household is affected in utero. This effect is economically relevant taking into account that

the mean of the wealth index is -0.07. In the case of floods, a stronger effect is found if the

individual is affected during school age.

Tropical cyclones and volcanoes affect the wealth of a household if the head of household

was affected during his or her first four years of life, with the in utero effect larger for

tropical cyclones. The main difference between these natural disasters is that tropical

cyclones affect wealth if the shock affects the head of household during school age, while

the effect of landslides during that period is not significant after the first eight years of life.

Table A.1 presents results for fertility, as measured by the number of children of the

head of household. Although the estimations present several statistically significant re-

sults showing negative effects on the number of children, the effects are only economically

significant for earthquakes occurring in the first four years of life, for floods during the

gestation period, and for landslides during school age. The interpretation of this result

may suggest that more deprived households have fewer resources to increase their family

size, or it may indicate wealthier and more highly educated households. However, since

this effect overlaps with the effects found for years of education, the first interpretation is

more plausible. In either case, the evidence on fertility found by this study is economically

negligible given the size of the coefficients found.

In addition, this study finds significant results for migration, 7% of exposed individuals

would be misclassified in the absence of birth location information. In order to compute

the advantage of using birth location instead of location at the time of the survey, this

paper re-estimates all the analysis using current location as a measure of exposure. The
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results indicate that the bias produced as a consequence of this misclassification may lead

to estimations up to 18% higher than the ones presented in the main tables of this paper21.

To sum up, Hypothesis 3a cannot be rejected, while Hypothesis 3b and 3c are re-

jected. In particular, this paper finds relevant effects on the asset accumulation of affected

individuals, and small effects on fertility and migration.

Finally, before analyzing the effects on the second generation, additional calculations

are performed on the outcomes found to be affected. In order to compare the impact of

natural disasters by outcomes, the results are expressed in standard deviations (SD) for

the most affected cohort. In Table 5, the results for in utero exposure are shown. Floods

and landslides mainly reduce years of education. On the other hand, tropical cyclones and

earthquakes mainly affect the probability of being disabled. Volcanoes are shown to be

more destructive for long-term wealth accumulation.

5.5 Effects on Education and Child Labor among the Second Generation

Exposure to natural disasters during childhood has long lasting effects that may also affect

the descendants of those exposed as children. In particular, the performance of the children

of exposed individuals in terms of years of education is analyzed, along with their disabilities

and their participation in child labor. Therefore, the following hypotheses were formulated:

Hypothesis 4a: Natural disasters affect the human capital accumulation of descendants

of those that have been exposed to such shocks.

Hypothesis 4b: Natural disasters increase the probability that the descendants of those

who have been exposed to such shocks will be disabled.

Hypothesis 4c: The impact of natural disasters results in an increase in child labor

among the descendants of those who have been exposed to such shocks.

Tables 6 and 7 present the estimation of the intergenerational transmission of shock

21In addition, any potential migration after birth may led to attenuation bias, where the effect of natural
disasters may be even larger than those obtained in this study.
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for affected mothers and fathers, respectively. Both tables present an estimation of the

indirect effect model, coding as the treatment group those children with parents affected

by the shock. This work finds significant negative effects of natural disasters on years of

education for the children of affected parents. Although effects on the next generation are

significant when either of the parents is affected, the effect of having an affected mother

is significantly larger than the effect of having an affected father. These results are in line

with previous literature that argues that the education of the mother is more relevant than

the education of the father (Smith, 1989) when analyzing the effect on education for the

next generation. 22

The strongest intergenerational effect caused by floods occurs in the in utero period.

The fact of having a mother affected by a flood while in utero reduces the education of

that child by 0.478 in comparison with other children of the same age with non-affected

mothers. The effect of having a father affected during his in utero period is to reduce the

years of education of his child by 0.02.

In the case of earthquakes, this study finds statistically and economically relevant results

for the education of the next generation when parents are affected before their first three

years of life. According to the results, the effect of having an affected mother is ten times

larger than the effect of having an affected father.

Column 3 of Tables 6 and 7 shows the effects of tropical cyclones on the education of

the next generation. The effects are economically and statistically relevant if the mother

was affected during school age (ages 5 to 12). Table 7 shows that the effects of having an

affected father are statistically significant independent of his age when exposed, but the

size of the effect is considerably less than the effect of having an affected mother.

The last two columns of Tables 6 and 7 show the effect of having a mother or a father

affected by a landslide or volcano. Mothers in affected districts are found to reflect the

larger effect. The results show that the fact of having a mother affected by any of these

shocks reduces the years of education by 0.2. Smaller reductions in years of education for

the next generation are found if mothers were exposed to the shock of either landslides

or volcanoes during their school age. On the other hand, children with a father affected

22The results are robust both to the inclusion of the parents’ education as controls and the inclusion of
the predicted education of the parents in a 2-step estimation.
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during school age suffer a significant but smaller reduction in the years of education.

Finally, Tables A.2 and A.3 analyze the effect of natural disasters on the child labor

of the second generation. Comparable to the education results, the fact of having a father

that was affected has no impact on the child labor of the second generation, but this is not

the case when the mother is affected. The results suggest that those with mothers affected

in utero by a flood, an earthquake, a landslide or a volcano have a larger probability of

working before age 16. In addition, the impact of tropical cyclones and landslides (Columns

3 and 4) increases the child labor of the second generation when mothers are exposed during

school age and pre-school age, respectively.23

This paper also observes no statistical difference in the probability of being disabled

between those with affected parents and those with non-affected parents. Thus, Hypothesis

4b is rejected. However, the findings of this study do suggest that the second generation of

individuals have less human capital accumulation and a larger probability of work before

age 16. In this light, Hypotheses 4a and 4c cannot be rejected.

5.6 Discussion of the impact mechanisms of natural disasters

Proper understanding of the mechanisms by which natural disasters affect the outcomes

studied in this paper is crucial for developing alleviation policies that protect people during

and after this kind of event. Unfortunately, the information available in the censuses does

not allow this study to answer the question entirely. Although this data is limited, the

results presented do suggest which mechanisms operate to affect the outcomes studied in

this work.

Because the intensity of each disaster differs, the intensity of the shocks should be

taken into account before arriving at any conclusion about mechanisms. It is possible

that, independent of the type of shock experienced, large shocks affect outcomes in a

larger manner than small shocks do. In order to control for disaster size, a third model

is estimated. The results presented in Table 8 show the differences in years of education

across different types of natural disasters, controlling by the number of people affected by

each disaster. Tables 9 and 10 control by the number of individuals killed and the damage

23The results for education and child labor are robust to estimate the regressions conditional on having
both parents exposed.
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provoked by each disaster respectively.

Controlling for the intensity of each disaster yields insights about the possible mech-

anisms of its effects. Naturally, the impact of a disaster in a highly populated area may

be very different than its effect on a sparsely populated area. A disaster may also either

extend across the country or be a localized event. When taking into account the number

of individuals affected, the results show that the most relevant shock during gestation and

the first two years of life is caused by earthquakes, while during school age the largest im-

pact is caused by landslides. Both disasters generally affect all the population of the city

exposed to them, highlighting the fact that earthquakes and landslides in very populated

areas heavily affect young children. When controlling by the number of individuals killed

and the damage to infrastructure, tropical cyclones appear to have a significant effect for

children under five years old that was not significant before. This result indicates that even

in presence of a predictable disaster, disasters that are very deadly and highly destructive

of infrastructure can affect young children. The fact that the negative results increase with

the level of damage produced suggests that damage to infrastructure is another relevant

factor for investment in human capital for affected children. It also highlights the impor-

tance of having a resilient infrastructure to avoid negative welfare conditions. In particular,

the effect of extreme events is shown to be greatest when individuals are exposed to the

shock in utero, pointing out the importance of the health dimension and falling in line with

the existing literature about health shocks during gestation (Almond et al., 2006).

Another relevant dimension is the effect on asset loss as a result of disaster. According

to the results, floods and earthquakes are shocks that produce the greatest asset losses. If

these results were driven only by a deterioration of the economic situation of the families

of affected individuals, then the impact for those exposed in utero or in the first years of

life should not be larger than the impact during school age. However, for both disasters,

the greatest effects occur when the individual is exposed during the in utero period and

early childhood. Given the existing literature about the effects of malnutrition on early

childhood, this result suggests that poverty generated by asset loss would affect the nutri-

tion of all children in the household, but would generate greater negative effects for those

affected in early childhood. The results suggest that this mechanism might be relevant,

since children affected in the first years of life and in utero are the most affected.
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Related to the transmission of shocks to the next generation, there is a large body of

literature arguing that the education of the mother is a more important determinant of

the education of the children than that of the father. In fact, according to the results,

the impact found on years of education for the first generation is mimicked by the effects

found on years of education for the second generation. However, there may be a differential

impact by gender that can explain why mothers transmit shocks in a stronger way than

fathers. In order to test this, the results of the main outcomes by gender are presented in

Table 11.24

According to the results, the impact of natural disasters on employment disabilities is

larger for women, but the impact on years of education is similar for males and females

(Table 11). These results suggest that the mechanism operating in the transmission of

shocks may be the deprivation of the household. Since mothers are more deprived than

fathers in terms of health, the scarcity of resources in households with affected mothers

may explain the lower education level of the children.

5.7 Robustness checks

In addition to previous approaches that use an identification strategy to compare different

cohorts in different birth districts, this study estimates the effects of natural disasters

using the oldest census available as a control group. This allows to control for individual

characteristics that may vary but are not related to the natural disasters. Such a check

is relevant since it reveals that the results obtained by this study are not just casual. On

the contrary, a different identification strategy also generates results in the same direction

as the main specification. In this case, identification is driven by individuals born in the

same district and of the same age, with some surveyed before and some surveyed after the

natural disaster occurred. The results are consistent with the outcomes analyzed in the

above sections using the same estimation strategy. This suggests that the identification

strategy per se is not capturing spurious relationships.

A possible distortion of the size of the coefficients may have resulted in a potential

reporting bias from disasters that occurred during the first years of the analyzed period.

Since some of the natural disasters are from the early 1900s when records were not as

24All these results between males and females are statistically different at the 10% level.
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accurate as nowadays, this paper estimates the main regressions using only natural disasters

registered after 1970. The results are consistent with those results derived from all the

disasters of the 20th century. As expected, results using only a partial sample of disasters

show smaller coefficients because of the inclusion of affected individuals in the control

group.25

To reject the possibility that our findings are only the result of a spurious relationship

picked up by the model, this paper generated false experiments expecting to find no re-

sults for simulated events. False experiments were performed by simulating false dates for

different types of natural disasters in affected districts. Simulations of false locations for

different types of natural disasters for the affected cohorts were also performed.26 After

several simulations, this study finds no effects of these false experiments that strengthen

the reliability of the results.

Although this paper estimates the intergenerational impact of disasters by following

the empirical strategy of Caruso and Miller (2015), one potential concern is that the re-

sults of the reduced form equation for the intergenerational regressions may be picking up

the impact of lower educational attainment among affected parents. In order to test this

issue, this paper estimates two alternative models. This study first estimated the main

regressions controlling by the education of the parents, and second, controlling by the pre-

dicted education of the parents in a 2-step estimation. The results hold in both alternative

estimations.

A final concern regarding the validity of the main estimates relates to the possibility

that fertility and mortality patterns may differ in affected and non-affected districts. When

the impact on fertility patterns was examined, the results showed relatively little evidence

that affected individuals had a different number of children due to the natural disasters as

discussed in the main results section. This study also uses information about household

mortality to examine whether exposure to natural disasters resulted in systematically in-

creased mortality. The results generally indicate no significant effect on mortality. This

overall lack of relationship between disaster exposure and mortality should be understood

25The fact that smaller results are found for recent disasters may be interpreted as the impact of more
adequate disaster risk management practices that have been implemented in recent years.

26These false experiments include placebos, coding as exposed those cohorts that were affected 1 to 15
years before the child was in utero.
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in the context of an environment with high mortality until 1980 (Ahmad et al., 2000). Such

a result would only lead to a downward bias in the main results reported in the paper.

5.8 Policy implications

Over the past 20 years, due to the increased number of people affected by natural disasters,

an international effort in disaster risk reduction has emerged. Among them, theWorld Bank

has arisen as a global leader in disaster risk management (DRM), supporting countries to

assess exposure to disasters and address disaster risks. It provides technical and financial

support for risk assessments, risk reduction, preparedness, financial protection, and resilient

recovery and reconstruction. Disaster resilience research provides technical advice that

contributes to the development of disaster risk policies.

In light of these results, this study focuses on a key set of policy implications that

may mitigate the effects of natural disasters on education, health and labor outcomes. In

particular, results point to four dimensions that may be improved to prevent and alleviate

the negative impact of natural disasters.

First, every natural disaster is different. There is no recipe for alleviating the effects

of all natural disasters. As shown in this work, different types of disasters affect different

types of outcomes and have relevant effects at different stages of childhood. For this reason

there is no unique contingency plan for natural disasters. Each prevention and alleviation

plan should depend on the type and size of the disaster. Moreover, shocks in countries

with different levels of development have different impacts, and taking this into account

may benefit the planning of disaster risk management for each country.

Second, information plays an important role. The predictability of certain types of

natural disasters allows policy makers to take preventive measures and avoid negative

health impacts. Thus, the improvement of alert and information systems is recommended

as an effective prevention policy. Improved predictability of these kinds of shocks will allow

individuals the opportunity to evacuate affected areas.

Third, the cost-benefit evaluation of any alleviation policy should take into account

the hidden cost of the intergenerational transmission of shocks. Natural disasters do not

only affect the first generation of exposed individuals but also their children. The effect is

transmitted to the next generation especially if it was the mother who had been exposed,
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highlighting the importance of targeting alleviation policies mainly for females.

Finally, the targeting of alleviation policies should be very specific. Based on the

estimations, the main focus of alleviation policies should be pregnant women and children

in their first years of life and school age, depending on the type of disaster.

6 Conclusion

This study has estimated the long-term effect of natural disasters on education, health,

employment, fertility, and wealth, along with the intergenerational transmission of those

effects. To conduct this research all the disasters occurring from 1900 to 2000 in Latin

America were analyzed. As such, this is the first paper to measure the welfare impacts of

all the natural disasters registered in one continent. In addition, by analyzing all disasters

available, this work complements the existing extreme-case analyses by identifying relevant

differences from the results obtained in those case studies.

This paper has found that natural disasters affect the education, health, labor outcomes

and wealth of the individuals exposed. To identify these effects, this paper has exploited the

exogenous variation in the location and timing of natural disasters, as well as the exposure

of different cohorts to the shock. This study finds that the effect of natural disasters differs

depending on the type and size of the disaster and the age of the affected individuals.

The main results indicate that the most fragile period for any individual to receive this

kind of shock is during the first years of life and school age. In particular, floods are

found especially disastrous for education, fertility and employment, and tropical cyclones

strongly affect the probability of suffering an employment disability. On the other hand,

volcanoes are found to produce a large impact on wealth. Comparing results across different

countries, this paper finds a non-linear relationship between the size of the impacts and

the level of development of each country. In addition, the analysis of the intergenerational

transmission of shocks shows that mothers exposed to shocks are more likely to affect their

children’s education than exposed fathers. Finally, the robustness check shows that the

results described in this study are robust to the usage of the measures of intensity of natural

disasters.

A critical reason for studying the impact of natural disasters on welfare outcomes
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is the lack of measures of their full impact. Such data is necessary in order to guide the

elaboration, design and targeting of alleviation policies. Therefore, this study may be useful

and worthy for governments and policy makers in a variety of ways. First, it identifies the

individuals most vulnerable to natural disaster exposure. Based on the estimations, the

main focus of alleviation policies should be pregnant women and children in their first

years of life and school age. Additionally, according to the estimations, the cost of any

intervention should take into account the hidden loss of human capital accumulation and

the increase in child labor in the next generation.

Governments typically have few policies to prevent or alleviate the consequences of

these types of shocks. This is probably because of a lack of evidence for the seriousness

of the persistence of the effects produced by natural disasters. This paper does provide

evidence of the long-term effects of natural disasters and argues that there is a great need

to generate prevention and alleviation policies that focus on the mitigation of their long

term effects. Estimating the effect of all the natural disasters and measuring them is of

paramount importance for researchers and academics but mostly for policy makers and

governments. A deep understanding of natural disasters and their effects is essential to

designing new, effective and timely policies to preserve human welfare and to reduce the

overall risk associated with these types of unfortunate events.

The results in this paper contribute to a growing literature that estimates the welfare

impacts of natural disasters. This approach compares the impact of different types of dis-

asters, strengthens confidence in the results and confirms that natural disasters negatively

affect individuals in their childhood and extend those effects to their descendants. The

findings in this study also benefit the knowledge of a broader issue, the long-term growth

and development consequences of natural disasters. Since this paper has shown the long-

term effects of shocks that occur during childhood, the effects of natural disasters may be

able to be overcome with well-targeted and flexible social plans to support the exposed

population.
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Figure 3: Negative Impact of Natural Disasters on Education

(a) Floods (b) Earthquakes

(c) T. Cyclones (d) Landslides

(e) Volcanoes

Notes: Author’s estimations of the absolute value of the loss in terms of years of education. The solid line
represents the estimated coefficients while the dotted line represents the confidence interval at 95% level.
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Figure 4: Negative Impact of Natural Disasters on Health

(a) Floods (b) Earthquakes

(c) T. Cyclones (d) Landslides

(e) Volcanoes

Notes: Author’s estimations of the absolute value of the loss in terms of probability of being disabled. The
solid line represents the estimated coefficients while the dotted line represents the confidence interval at
95% level. 45



Figure 5: Negative Impact of Natural Disasters on Unemployment

(a) Floods (b) Earthquakes

(c) T. Cyclones (d) Landslides

(e) Volcanoes

Notes: Author’s estimations of the absolute value of the loss in terms of the probability of being unemployed.
The solid line represents the estimated coefficients while the dotted line represents the confidence interval
at 95% level. 46



Figure 6: Negative Impact of Natural Disasters on Wealth

(a) Floods (b) Earthquakes

(c) T. Cyclones (d) Landslides

(e) Volcanoes

Notes: Author’s estimations of the absolute value of the loss in terms of the wealth index. The solid line
represents the estimated coefficients while the dotted line represents the confidence interval at 95% level.
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Table 1: Disasters Characteristics

Variables Observations 1st quartile Mean 3rd quartile SD CV Skewness Kurtosis

Floods 419
Killed 9 158 54 1,701 11 17 305
Affected 2,235 127,160 54,116 546,226 4 8 71
Damage 2 168 100 442 3 5 29

Hurricanes 190
Killed 4 158 60 550 3 6 47
Affected 1,110 113,129 72,000 286,959 3 4 20
Damage 3 243 180 657 3 5 35

Earthquakes 177
Killed 6 1,231 185 6,313 5 8 82
Affected 468 149,431 38,708 485,488 3 4 21
Damage 5 265 165 631 2 4 22

Landslides 124
Killed 22 144 100 496 3 8 80
Affected 117 92,600 6,000 535,355 6 7 52
Damage 1 212 400 330 2 1 4

Volcanos 44
Killed 3 1,510 100 5,421 4 4 14
Affected 1,950 35,440 32,750 71,027 2 3 11
Damage 4 163 134 343 2 2 6

Total 954
Killed 8 397 78 3,155 8 15 286
Affected 1,100 121,145 45,238 477,746 4 8 71
Damage 3 212 132 548 3 5 34

Notes: This table contains all the natural disasters included in this study. Variables “killed”

and “affected” measure the number of people killed and affected by each natural disaster,

respectively. Damage is measured in millions USD. More information on these variables can be

found in the data section. In particular, this study includes all the natural disasters occurring

during the 20th century in Argentina, Bolivia, Brazil, Colombia, Costa Rica, Ecuador, El

Salvador, Haiti, Jamaica, Mexico, Nicaragua, Panama, Peru, Uruguay and Venezuela. Data

source: EM-DAT and DESINVENTAR.
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Table 2: Balance Between Affected and Non-Affected Districts

Variables Affected district Control district Mean Difference
(1) (2) (3)

Panel A: Adult Characteristics

Years of Education 7.126 6.588 0.538*
(0.239) (0.193) (0.307)

Employment Disabilities 0.020 0.024 -0.004***
(0.001) (0.001) (0.002)

Fertility (Number of children) 1.699 1.763 -0.063
(0.035) (0.044) (0.057)

Unemployment 0.094 0.089 0.006
(0.009) (0.007) (0.011)

Panel B: Household Characteristics

Wealth index 0.041 -0.178 0.219**
(0.074) (0.056) (0.093)

Asset Poverty 0.825 0.846 -0.022
(0.018) (0.015) (0.024)

Land Ownership 0.751 0.735 0.016
(0.011) (0.014) (0.018)

Access to Current Water 0.176 0.092 0.084***
(0.035) (0.034) (0.049)

Access to Electricity 0.917 0.857 0.059***
(0.008) (0.017) (0.019)

Panel C: Child Characteristics

Years of Education for children 5 to 20 8.887 8.007 0.880***
(0.176) (0.240) (0.297)

Years of Education for children 15 to 20 9.116 8.649 0.467
(0.543) (0.153) (0.564)

Enrollment for children 5 to 20 0.294 0.311 -0.016
(0.013) (0.011) (0.018)

Child Labor for children 5 to 15 0.203 0.198 0.005
(0.024) (0.026) (0.036)

Notes: Robust standard errors in parentheses, clustered at the district level. *Significant at

10%; ** significant at 5%; *** significant at 1%. All regressions include district fixed effects,

cohort fixed effects, gender fixed effects and regional trends. The adult characteristics include

all individuals older than 20 years while the child characteristics include all the individuals

younger than 21 years. Data source: Last available National Censuses of Argentina, Bolivia,

Brazil, Chile, Colombia, Costa Rica, Ecuador, El Salvador, Haiti, Jamaica, Mexico, Nicaragua,

Panama, Peru, Uruguay and Venezuela.



Table 3: Long-term Effects of Big Natural Disasters on Years of Education

Dependent Variable: Floods Earthquakes T. Cyclones Landslides Volcanoes
Years of education (1) (2) (3) (4) (5)

Exposed in utero -0.590*** -0.336*** -0.191*** -0.534*** -0.247***
(0.021) (0.035) (0.036) (0.021) (0.065)

Exposed at age 0-1 -0.578*** -0.309*** -0.162*** -0.589*** 0.017
(0.021) (0.035) (0.036) (0.021) (0.065)

Exposed at age 1-2 -0.504*** -0.259*** -0.131*** -0.581*** -0.263***
(0.022) (0.036) (0.036) (0.021) (0.023)

Exposed at age 2-3 -0.476*** -0.236*** -0.182*** -0.588*** -0.079***
(0.022) (0.036) (0.036) (0.021) (0.029)

Exposed at age 3-4 -0.372*** -0.213*** -0.203*** -1.534*** -0.067**
(0.055) (0.036) (0.036) (0.035) (0.028)

Exposed at age 4-5 -0.261*** -0.170*** -0.120*** -1.239*** -0.082***
(0.026) (0.036) (0.036) (0.036) (0.028)

Exposed at age 5-6 -0.116*** -0.040** -0.095*** -1.486*** -0.357***
(0.036) (0.019) (0.036) (0.038) (0.053)

Exposed at age 6-7 -0.095*** -0.112*** -0.226*** -0.627*** -0.140***
(0.036) (0.027) (0.028) (0.040) (0.028)

Exposed at age 7-8 -0.072*** -0.139*** -0.164*** -0.401*** -0.118***
(0.027) (0.027) (0.026) (0.065) (0.028)

Exposed at age 8-9 -0.068** -0.163*** -0.183*** -0.355*** -0.112***
(0.027) (0.026) (0.036) (0.072) (0.029)

Exposed at age 9-10 -0.058** -0.176*** -0.299*** -0.314*** -0.141***
(0.023) (0.026) (0.035) (0.076) (0.032)

Exposed at age 10-11 -0.096*** -0.199*** -0.278*** -0.421*** -0.123***
(0.027) (0.026) (0.035) (0.071) (0.031)

Exposed at age 11-12 -0.041* -0.176*** -0.286*** -0.391*** -0.297***
(0.023) (0.026) (0.035) (0.070) (0.032)

Exposed at age 12-13 -0.110*** -0.250*** -0.085** -0.346*** -0.282***
(0.043) (0.026) (0.036) (0.070) (0.052)

Exposed at age 13-14 -0.077* -0.214*** -0.044** -0.205*** -0.241***
(0.043) (0.026) (0.019) 0.0664766 (0.053)

Exposed at age 14-15 -0.100*** -0.142*** -0.097*** -0.209*** -0.127***
(0.013) (0.027) (0.036) 0.0674766 (0.036)

Observations 24,079,057 24,079,057 24,079,057 24,079,057 24,079,057

Notes: Robust standard errors in parentheses, clustered at the district level. *Significant at 10%; **

significant at 5%; *** significant at 1%. The natural disasters included in these regressions are those that

affect more individuals than the average number of affected individuals of each natural disaster type. All

regressions include district fixed effects, cohort fixed effects, gender fixed effects and regional trends. The

regressions are based on individuals older than 20 years. Natural disasters above and below the median

number of affected individuals are classified as big and small natural disasters, respectively. Data source:

Last available National Censuses of Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica, Ecuador, El

Salvador, Haiti, Jamaica, Mexico, Nicaragua, Panama, Peru, Uruguay and Venezuela.



Table 4: Long-term Effects of Small Natural Disasters on Years of Education

Dependent Variable: Floods Earthquakes T. Cyclones Landslides Volcanoes
Years of education (1) (2) (3) (4) (5)

Exposed in utero -0.191*** -0.126*** -0.004 -0.224** -0.176***
(0.009) (0.007) (0.006) (0.093) (0.027)

Exposed at age 0-1 -0.149*** -0.096*** -0.003 -0.393*** -0.035
(0.009) (0.007) (0.006) (0.017) (0.026)

Exposed at age 1-2 -0.145*** -0.104*** -0.002 -0.062 0.077
(0.009) (0.007) (0.010) (0.100) (0.065)

Exposed at age 2-3 -0.141*** -0.069*** 0.003 -0.241*** 0.071
(0.009) (0.008) (0.009) (0.022) (0.075)

Exposed at age 3-4 -0.133*** -0.038*** 0.120 -0.078*** 0.084
(0.008) (0.008) (0.355) (0.024) (0.083)

Exposed at age 4-5 -0.101*** 0.131 0.187 -0.211*** 0.123
(0.008) (0.085) (0.259) (0.023) (0.634)

Exposed at age 5-6 -0.099*** 0.025 -0.009 -0.124*** -0.023
(0.008) (0.082) (0.010) (0.023) (0.028)

Exposed at age 6-7 -0.040 -0.101 0.021 -0.171*** 0.099
(0.104) (0.091) (0.037) (0.024) (0.097)

Exposed at age 7-8 0.083 0.125 -0.042*** -0.097*** -0.068
(0.104) (0.085) (0.010) (0.018) (0.065)

Exposed at age 8-9 0.142 0.017 -0.022* -0.042** 0.042
(0.104) (0.082) (0.011) (0.018) (0.067)

Exposed at age 9-10 0.009 -0.104 -0.045*** -0.087*** 0.245
(0.009) (0.091) (0.011) (0.019) (0.205)

Exposed at age 10-11 0.137 0.033 -0.036*** -0.012 -0.108***
(0.085) (0.082) (0.011) (0.019) (0.049)

Exposed at age 11-12 0.028 -0.058*** -0.063*** -0.047** -0.187***
(0.082) (0.008) (0.011) (0.020) (0.030)

Exposed at age 12-13 -0.097*** -0.073*** 0.012 -0.066*** -0.207***
(0.009) (0.008) (0.011) (0.014) (0.031)

Exposed at age 13-14 -0.086*** -0.042*** -0.017 -0.058*** -0.142***
(0.009) (0.008) (0.011) (0.014) (0.028)

Exposed at age 14-15 -0.078*** -0.024*** 0.014 -0.059*** 0.140
(0.009) (0.008) (0.011) (0.018) (0.113)

Observations 24,079,057 24,079,057 24,079,057 24,079,057 24,079,057

Notes: Robust standard errors in parentheses, clustered at the district level. *Significant at 10%; **

significant at 5%; *** significant at 1%. The natural disasters included in these regressions are those that

affect fewer individuals than the average number of affected individuals of each natural disaster type. All

regressions include district fixed effects, cohort fixed effects, gender fixed effects and regional trends. The

regressions are based on individuals older than 20 years. Natural disasters above and below the median

number of affected individuals are classified as big and small natural disasters, respectively. Data source:

Last available National Censuses of Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica, Ecuador, El

Salvador, Haiti, Jamaica, Mexico, Nicaragua, Panama, Peru, Uruguay and Venezuela.



Table 5: Natural Disasters’ Impacts in SD for in utero exposure

(1) (2) (3) (4) (5)
Outcome Floods Earthquakes T. Cyclones Landslides Volcanos

Years of education -0.099*** -0.040*** -0.003 -0.102*** -0.040**
Employment disability 0.048*** 0.088*** 0.240*** 0.056*** 0.064***

Unemployment 0.031*** 0.010*** 0.031** 0.031*** -0.021
Wealth -0.006 -0.065*** -0.049*** -0.033*** -0.089***

Notes: Impact expressed in standard deviations. *Significant at 10%; ** significant at 5%; *** significant

at 1%. All regressions include district fixed effects, cohort fixed effects, gender fixed effects and regional

trends. The regressions are based on individuals older than 20 years. Data source: Last available National

Censuses of Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica, Ecuador, El Salvador, Haiti, Jamaica,

Mexico, Nicaragua, Panama, Peru, Uruguay and Venezuela.
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Table 6: Intergenerational Transmission of Exposure of Mothers to Natural Disasters on
Children’s Years of Education

Dependent Variable: Floods Earthquakes T. Cyclones Landslides Volcanoes
Years of education (1) (2) (3) (4) (5)

Mother’s Exposure in utero -0.478*** -0.193*** -0.076 0.039 -0.086
(0.017) (0.013) (0.047) (0.057) (0.154)

Mother’s Exposure at age 0-1 -0.090*** -0.230*** -0.063*** -0.203*** -0.212**
(0.005) (0.010) (0.005) (0.018) (0.094)

Mother’s Exposure at age 1-2 -0.101*** -0.184*** -0.049*** -0.086** -0.226
(0.004) (0.011) (0.004) (0.044) (0.162)

Mother’s Exposure at age 2-3 -0.094*** -0.139*** -0.044*** -0.093** -0.024
(0.004) (0.011) (0.004) (0.044) (0.206)

Mother’s Exposure at age 3-4 -0.100*** -0.011** -0.040*** -0.053* -0.047
(0.004) (0.005) (0.002) (0.032) (0.035)

Mother’s Exposure at age 4-5 -0.048*** 0.008 -0.108*** -0.158*** -0.096***
(0.004) (0.008) (0.007) (0.014) (0.031)

Mother’s Exposure at age 5-6 -0.105*** -0.064*** -0.295*** -0.100*** 0.058
(0.004) (0.008) (0.015) (0.028) (0.037)

Mother’s Exposure at age 6-7 -0.022*** -0.012*** 0.002 -0.123*** 0.064
(0.001) (0.004) (0.001) (0.029) (0.040)

Mother’s Exposure at age 7-8 -0.077*** -0.014*** -0.178*** -0.024 0.013
(0.004) (0.004) (0.015) (0.023) (0.040)

Mother’s Exposure at age 8-9 -0.073*** -0.016*** -0.038*** -0.090*** -0.127***
(0.004) (0.004) (0.013) (0.013) (0.026)

Mother’s Exposure at age 9-10 -0.078*** 0.005 -0.736*** -0.052** -0.061
(0.005) (0.003) (0.173) (0.022) (0.211)

Mother’s Exposure at age 10-11 -0.028*** -0.016*** -0.120 -0.016 -0.110**
(0.004) (0.004) (0.082) (0.024) (0.043)

Mother’s Exposure at age 11-12 -0.007 -0.060*** -0.454*** -0.103*** 0.183
(0.004) (0.004) (0.087) (0.025) (0.355)

Mother’s Exposure at age 12-13 -0.056*** -0.002*** -0.008 0.079*** -0.094***
(0.004) (0.000) (0.011) (0.013) (0.029)

Mother’s Exposure at age 13-14 -0.002 -0.002*** 0.006 -0.029* -0.021
(0.004) (0.000) (0.008) (0.016) (0.025)

Mother’s Exposure at age 14-15 -0.023** -0.002*** -0.051* -0.085*** 0.174
(0.009) (0.000) (0.030) (0.026) (0.239)

Observations 9,570,450 9,570,450 9,570,450 9,570,450 9,570,450

Notes: Robust standard errors in parentheses, clustered at the district level. *Significant at 10%; **

significant at 5%; *** significant at 1%. All regressions include district fixed effects, cohort fixed effects,

gender fixed effects and regional trends. The regressions are based on individuals older than 5 and younger

than 20 years old. Data source: Last available National Censuses of Argentina, Bolivia, Brazil, Chile,

Colombia, Costa Rica, Ecuador, El Salvador, Haiti, Jamaica, Mexico, Nicaragua, Panama, Peru, Uruguay

and Venezuela.



Table 7: Intergenerational Transmission of Exposure of Fathers to Natural Disasters on
Children’s Years of Education

Dependent Variable: Floods Earthquakes T. Cyclones Landslides Volcanoes
Years of education (1) (2) (3) (4) (5)

Father’s Exposure in utero -0.020*** -0.017*** -0.053*** -0.004** -0.007*
(0.001) (0.001) (0.003) (0.001) (0.004)

Father’s Exposure at age 0-1 -0.019*** -0.014*** -0.053*** 0.000 -0.009**
(0.001) (0.001) (0.003) (0.002) (0.004)

Father’s Exposure at age 1-2 -0.011*** -0.012*** -0.056*** -0.003** 0.004
(0.001) (0.001) (0.003) (0.001) (0.004)

Father’s Exposure at age 2-3 -0.010*** -0.007*** -0.057*** 0.002 -0.005
(0.001) (0.001) (0.002) (0.001) (0.004)

Father’s Exposure at age 3-4 -0.010*** -0.006*** -0.052*** -0.002* -0.011***
(0.001) (0.001) (0.002) (0.001) (0.004)

Father’s Exposure at age 4-5 -0.013*** -0.003*** -0.061*** -0.002 -0.001
(0.001) (0.001) (0.002) (0.001) (0.003)

Father’s Exposure at age 5-6 -0.009*** -0.003*** -0.041*** -0.001 -0.001
(0.001) (0.001) (0.002) (0.001) (0.003)

Father’s Exposure at age 6-7 -0.012*** 0.000 -0.036*** -0.004*** -0.002
(0.001) (0.001) (0.002) (0.001) (0.003)

Father’s Exposure at age 7-8 -0.004*** -0.002** -0.033*** -0.006*** -0.017***
(0.001) (0.001) (0.002) (0.001) (0.003)

Father’s Exposure at age 8-9 -0.002*** -0.002*** -0.027*** -0.011*** -0.009***
(0.001) (0.001) (0.002) (0.001) (0.003)

Father’s Exposure at age 9-10 -0.009*** 0.002*** -0.032*** -0.012*** -0.007**
(0.001) (0.001) (0.002) (0.001) (0.003)

Father’s Exposure at age 10-11 -0.008*** -0.001 -0.021*** -0.008*** -0.009***
(0.001) (0.001) (0.002) (0.001) (0.003)

Father’s Exposure at age 11-12 -0.006*** 0.001 -0.023*** -0.009*** -0.014***
(0.001) (0.001) (0.002) (0.001) (0.003)

Father’s Exposure at age 12-13 -0.007*** 0.002*** -0.022*** -0.012*** -0.008***
(0.001) (0.001) (0.002) (0.001) (0.003)

Father’s Exposure at age 13-14 -0.003*** 0.005*** -0.016*** -0.004*** -0.010***
(0.001) (0.001) (0.002) (0.001) (0.003)

Father’s Exposure at age 14-15 -0.006*** 0.005*** -0.015*** -0.014*** -0.005*
(0.001) (0.001) (0.002) (0.001) (0.003)

Observations 9,570,450 9,570,450 9,570,450 9,570,450 9,570,450

Notes: Robust standard errors in parentheses, clustered at the district level. *Significant at 10%; **

significant at 5%; *** significant at 1%. All regressions include district fixed effects, cohort fixed effects,

gender fixed effects and regional trends. The regressions are based on individuals older than 5 and younger

than 20 years old. Data source: Last available National Censuses of Argentina, Bolivia, Brazil, Chile,

Colombia, Costa Rica, Ecuador, El Salvador, Haiti, Jamaica, Mexico, Nicaragua, Panama, Peru, Uruguay

and Venezuela.



Table 8: Long-term Effects of Natural Disasters Exposure on Years of Education
Standardized by the Number of Affected Individuals

Dependent Variable: Floods Earthquakes T. Cyclones Landslides Volcanoes
Years of Education (1) (2) (3) (4) (5)

Intensity of Exposure in utero -0.044*** -0.072*** -0.005 -0.032*** -0.036
(0.007) (0.006) (0.004) (0.011) (0.236)

Intensity of Exposure at age 0-1 -0.060*** -0.075*** -0.009** -0.062*** -0.032
(0.007) (0.006) (0.004) (0.010) (0.021)

Intensity of Exposure at age 1-2 -0.050*** -0.054*** -0.007 -0.067*** -0.081***
(0.008) (0.006) (0.004) (0.011) (0.022)

Intensity of Exposure at age 2-3 -0.049*** -0.042*** -0.003 -0.089*** -0.025
(0.008) (0.006) (0.004) (0.011) (0.021)

Intensity of Exposure at age 3-4 -0.028*** -0.045*** -0.007 -0.067*** -0.015
(0.008) (0.006) (0.004) (0.011) (0.021)

Intensity of Exposure at age 4-5 -0.034*** -0.018*** -0.008** -0.070*** -0.003
(0.008) (0.006) (0.004) (0.011) (0.021)

Intensity of Exposure at age 5-6 -0.031*** -0.031*** -0.029*** -0.085*** -0.012
(0.008) (0.006) (0.004) (0.011) (0.019)

Intensity of Exposure at age 6-7 -0.030*** -0.023*** -0.028*** -0.100*** -0.020
(0.008) (0.006) (0.004) (0.012) (0.021)

Intensity of Exposure at age 7-8 -0.005*** -0.002 -0.019*** -0.115*** -0.091
(0.001) (0.007) (0.004) (0.012) (0.191)

Intensity of Exposure at age 8-9 -0.006*** -0.022*** -0.018*** -0.140*** -0.051***
(0.001) (0.007) (0.004) (0.013) (0.020)

Intensity of Exposure at age 9-10 -0.007*** -0.004 -0.037*** -0.165*** -0.072***
(0.001) (0.007) (0.005) (0.013) (0.020)

Intensity of Exposure at age 10-11 -0.008*** -0.007 -0.029*** -0.170*** -0.068***
(0.001) (0.007) (0.004) (0.013) (0.020)

Intensity of Exposure at age 11-12 -0.006*** -0.016** -0.032*** -0.140*** -0.036*
(0.001) (0.007) (0.005) (0.014) (0.020)

Intensity of Exposure at age 12-13 -0.050*** -0.034*** -0.007 -0.142*** -0.026
(0.009) (0.007) (0.005) (0.015) (0.021)

Intensity of Exposure at age 13-14 -0.009*** -0.035*** -0.006 -0.153*** -0.081***
(0.001) (0.007) (0.005) (0.015) (0.020)

Intensity of Exposure at age 14-15 -0.069*** -0.065*** -0.009* -0.122*** -0.034
(0.009) (0.007) (0.005) (0.015) (0.021)

Observations 24,079,057 24,079,057 24,079,057 24,079,057 24,079,057

Notes: Robust standard errors in parentheses, clustered at the district level. *Significant at 10%; **

significant at 5%; *** significant at 1%. All regressions include district fixed effects, cohort fixed effects,

gender fixed effects and regional trends. The regressions are based on individuals older than 20 years.

Data source: Last available National Censuses of Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica,

Ecuador, El Salvador, Haiti, Jamaica, Mexico, Nicaragua, Panama, Peru, Uruguay and Venezuela.



Table 9: Long-term Effects of Natural Disasters Exposure on Years of Education
Standardized by the Number of Killed Individuals

Dependent Variable: Floods Earthquakes T. Cyclones Landslides Volcanoes
Years of Education (1) (2) (3) (4) (5)

Intensity of Exposure in utero -0.119*** -0.036*** -0.032*** -0.098* -0.043
(0.042) (0.003) (0.002) (0.006) (0.087)

Intensity of Exposure at age 0-1 -0.061 -0.039*** -0.020*** 0.090 -0.007**
(0.040) (0.003) (0.004) (0.006) (0.003)

Intensity of Exposure at age 1-2 -0.007 -0.027*** -0.023*** -0.111* -0.011***
(0.041) (0.004) (0.003) (0.059) (0.003)

Intensity of Exposure at age 2-3 -0.046 -0.028*** -0.022*** -0.034** -0.011***
(0.042) (0.004) (0.004) (0.006) (0.003)

Intensity of Exposure at age 3-4 0.043 -0.019*** -0.024*** 0.037 -0.006*
(0.041) (0.004) (0.004) (0.006) (0.003)

Intensity of Exposure at age 4-5 0.065 -0.015*** -0.033*** -0.031** -0.004
(0.042) (0.004) (0.003) (0.006) (0.003)

Intensity of Exposure at age 5-6 -0.072* -0.017*** -0.036*** -0.016** -0.008
(0.043) (0.004) (0.003) (0.006) (0.003)

Intensity of Exposure at age 6-7 -0.050 -0.001 -0.031*** -0.032** 0.001
(0.044) (0.004) (0.032) (0.063) (0.003)

Intensity of Exposure at age 7-8 -0.049 -0.004 -0.031*** -0.036** 0.000
(0.045) (0.004) (0.003) (0.006) (0.003)

Intensity of Exposure at age 8-9 -0.125*** -0.004 -0.028*** -0.028** 0.003
(0.043) (0.004) (0.004) (0.006) (0.003)

Intensity of Exposure at age 9-10 -0.061 -0.023*** -0.034*** -0.056** 0.000
(0.046) (0.004) (0.002) (0.007) (0.003)

Intensity of Exposure at age 10-11 -0.274*** -0.026*** -0.028*** -0.054** -0.006
(0.047) (0.004) (0.004) (0.008) (0.003)

Intensity of Exposure at age 11-12 -0.119*** -0.038*** -0.021*** -0.047** -0.014***
(0.046) (0.005) (0.003) (0.007) (0.003)

Intensity of Exposure at age 12-13 -0.066 -0.062*** -0.020*** -0.050** -0.017***
(0.047) (0.005) (0.003) (0.008) (0.003)

Intensity of Exposure at age 13-14 -0.246*** -0.044*** -0.024*** -0.031** -0.016***
(0.047) (0.005) (0.003) (0.008) (0.003)

Intensity of Exposure at age 14-15 -0.186*** -0.080*** -0.021*** -0.065** -0.016***
(0.048) (0.005) (0.003) (0.008) (0.003)

Observations 24,079,057 24,079,057 24,079,057 24,079,057 24,079,057

Notes: Robust standard errors in parentheses, clustered at the district level. *Significant at 10%; **

significant at 5%; *** significant at 1%. All regressions include district fixed effects, cohort fixed effects,

gender fixed effects and regional trends. The regressions are based on individuals older than 20 years.

Data source: Last available National Censuses of Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica,

Ecuador, El Salvador, Haiti, Jamaica, Mexico, Nicaragua, Panama, Peru, Uruguay and Venezuela.



Table 10: Long-term Effects of Natural Disasters Exposure on Years of Education
Standardized by the Damage in USD

Dependent Variable: Floods Earthquakes T. Cyclones Landslides Volcanoes
Years of Education (1) (2) (3) (4) (5)

Intensity of Exposure in utero -0.108*** -0.081*** -0.031*** -0.031*** -0.131
(0.002) (0.006) (0.004) (0.008) (0.248)

Intensity of Exposure at age 0-1 -0.111*** -0.079*** -0.026*** -0.033*** -0.001**
(0.002) (0.006) (0.004) (0.009) (0.001)

Intensity of Exposure at age 1-2 -0.096*** -0.056*** -0.022*** -0.017** -0.002***
(0.002) (0.006) (0.004) (0.009) (0.001)

Intensity of Exposure at age 2-3 -0.091*** -0.063*** -0.023*** 0.007 -0.002***
(0.002) (0.006) (0.005) (0.081) (0.001)

Intensity of Exposure at age 3-4 -0.071*** -0.057*** -0.022*** -0.026*** -0.001*
(0.003) (0.006) (0.005) (0.009) (0.001)

Intensity of Exposure at age 4-5 -0.066*** -0.020*** -0.042*** -0.004 -0.001
(0.003) (0.006) (0.004) (0.088) (0.001)

Intensity of Exposure at age 5-6 -0.068*** -0.024*** -0.035*** -0.026 -0.002***
(0.003) (0.007) (0.005) (0.010) (0.001)

Intensity of Exposure at age 6-7 -0.057*** -0.040*** -0.026*** -0.012 0.000
(0.003) (0.006) (0.005) (0.011) (0.001)

Intensity of Exposure at age 7-8 -0.068*** -0.034*** -0.028*** -0.013 0.000
(0.003) (0.006) (0.005) (0.010) (0.001)

Intensity of Exposure at age 8-9 -0.055*** -0.044*** -0.024*** -0.013 -0.001
(0.003) (0.006) (0.005) (0.011) (0.001)

Intensity of Exposure at age 9-10 -0.058*** -0.014** -0.040*** 0.006 0.000
(0.003) (0.006) (0.004) (0.110) (0.001)

Intensity of Exposure at age 10-11 -0.049*** -0.026*** -0.025*** -0.094 -0.001*
(0.003) (0.006) (0.006) (0.114) (0.001)

Intensity of Exposure at age 11-12 -0.046*** -0.005 -0.020*** -0.033 -0.003***
(0.003) (0.006) (0.005) (0.115) (0.001)

Intensity of Exposure at age 12-13 -0.037*** -0.008 -0.019*** -0.011 -0.004***
(0.003) (0.006) (0.006) (0.011) (0.001)

Intensity of Exposure at age 13-14 -0.033*** -0.003 -0.017*** -0.022* -0.003***
(0.003) (0.007) (0.005) (0.012) (0.001)

Intensity of Exposure at age 14-15 -0.032*** -0.019*** -0.015*** -0.019 -0.003***
(0.003) (0.006) (0.005) (0.013) (0.001)

Observations 24,079,057 24,079,057 24,079,057 24,079,057 24,079,057

Notes: Robust standard errors in parentheses, clustered at the district level. *Significant at 10%; **

significant at 5%; *** significant at 1%. All regressions include district fixed effects, cohort fixed effects,

gender fixed effects and regional trends. The regressions are based on individuals older than 20 years.

Data source: Last available National Censuses of Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica,

Ecuador, El Salvador, Haiti, Jamaica, Mexico, Nicaragua, Panama, Peru, Uruguay and Venezuela.



Table 11: Long-term Effects of Natural Disasters Exposure on Education and Health by
Gender

Male Female Male Female
Dependent Variable: Years of Education Probability of disability

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

Exposed in utero -0.271*** -0.307*** 0.005*** 0.009***
(0.011) (0.011) (0.001) (0.001)

Exposed at age 0-1 -0.237*** -0.216*** 0.007*** 0.010***
(0.011) (0.011) (0.001) (0.001)

Exposed at age 1-2 -0.225*** -0.204*** 0.007*** 0.009***
(0.011) (0.011) (0.001) (0.001)

Exposed at age 2-3 -0.218*** -0.203*** 0.004*** 0.006***
(0.015) (0.014) (0.001) (0.001)

Exposed at age 3-4 -0.170*** -0.177*** 0.005*** 0.004***
(0.015) (0.015) (0.001) (0.001)

Exposed at age 4-5 -0.136*** -0.095*** 0.006*** 0.008***
(0.016) (0.015) (0.001) (0.001)

Exposed at age 5-6 -0.061*** -0.068*** 0.004*** 0.006***
(0.016) (0.015) (0.001) (0.001)

Exposed at age 6-7 -0.076*** -0.072*** 0.005*** 0.006***
(0.016) (0.015) (0.001) (0.001)

Exposed at age 7-8 -0.013 -0.075*** 0.005*** 0.009***
(0.013) (0.013) (0.001) (0.001)

Exposed at age 8-9 -0.040*** -0.061*** 0.004*** 0.005***
(0.013) (0.013) (0.001) (0.001)

Exposed at age 9-10 -0.071*** -0.097*** 0.003*** 0.006***
(0.013) (0.013) (0.001) (0.001)

Exposed at age 10-11 -0.049*** -0.074*** 0.005*** 0.005***
(0.013) (0.013) (0.001) (0.001)

Exposed at age 11-12 -0.096*** -0.098*** 0.004*** 0.006***
(0.014) (0.014) (0.001) (0.001)

Exposed at age 12-13 -0.139*** -0.131*** 0.004*** 0.008***
(0.013) (0.013) (0.001) (0.001)

Exposed at age 13-14 -0.113*** -0.079*** 0.003*** 0.004***
(0.013) (0.013) (0.001) (0.001)

Exposed at age 14-15 -0.082*** -0.095*** 0.004*** 0.003***
(0.015) (0.014) (0.001) (0.001)

Observations 11,586,810 12,492,247 7,270,242 7,866,115

Notes: Robust standard errors in parentheses, clustered at the district level. *Significant at 10%; **

significant at 5%; *** significant at 1%. In this table all natural disasters are combined in the estimations

for presentation reasons. However, the results are consistent for each separate disaster type. All regressions

include district fixed effects, cohort fixed effects, gender fixed effects and regional trends. The regressions

are based on individuals older than 20 years. Data source: Last available National Censuses of Argentina,

Bolivia, Brazil, Chile, Colombia, Costa Rica, Ecuador, El Salvador, Haiti, Jamaica, Mexico, Nicaragua,

Panama, Peru, Uruguay and Venezuela.



A.1 Data Appendix

A.1.1 Variable definition

The variables used in this paper are assembled for all LAC countries on an annual basis

for the last census public available, whenever available.

• Years of Education: accounts for the number of years of study, regardless of the track

or kind of study (Only formal schooling is counted).

• Unemployment: is a binary variable that takes value equal to one if the individual is

unemployed (seeking work and without one) and zero otherwise.

• Disability: is a binary variable that takes value equal to one if the person reported

being economically inactive because of disabilities of any kind and zero otherwise.

• Wealth: is an index elaborated as a result of a principal component analysis that

includes household assets such as access to electricity, access to current water and

land ownership.

A.2 Disaster Risk Management Terminology

This paper sticks to the terminology used in the literature. This terminology was de-

veloped in Latin America by ECLAC and nowadays refined by UNISDR. The literature

distinguishes between damages (direct impacts) and losses (indirect impacts), and between

natural disasters and separate disasters (which are not natural even if they are triggered

by natural disasters). Below, the main terms are defined based on ECLAC (2003), Sahin

(2011) and UNISDR(2009).

• Damages: These are defined as the direct effects produced by disasters. Concrete

examples of these effects are the impact on physical capital stock.

• Losses: This are defined as the indirect effects produced by disasters. Concrete exam-

ples of these effects are business interruptions, destruction of the means of production,

lack of inputs and increased transport cost.

• Hazard: A dangerous phenomenon, substance, human activity or condition that may

cause loss of life, injury or other health impacts, property damage, loss of livelihoods

and services, social and economic disruption, or environmental damage.

59



• Natural Hazard: Natural process or phenomenon that may cause loss of life, injury

or other health impacts, property damage, loss of livelihood and services, social and

economic disruption, or environmental damage. Natural hazards are a sub-set of all

hazards. The term is used to describe actual hazard events as well as the latent

hazard conditions that may give rise to future events. Natural hazard events can be

characterized by their magnitude or intensity, speed of onset, duration, and area of

extent. For example, earthquakes have short durations and usually affect a relatively

small region, whereas droughts are slow to develop and fade away and often affect

large regions. In some cases hazards may be coupled, as in the flood caused by a

tropical cyclone or the tsunami that is created by an earthquake.

• Disasters: A serious disruption of the functioning of a community or a society in-

volving widespread human, material, economic or environmental losses and impacts

that exceed the ability of the affected community or society to cope using its own

resources. Disasters are often described as the result of a combination of: exposure

to a hazard; the conditions of vulnerability that are present; and insufficient capacity

or measures to reduce or cope with the potential negative consequences. Disaster

impacts may include loss of life, injury, disease and other negative effects on human

physical, mental and social well-being, together with damage to property, destruc-

tion of assets, loss of services, social and economic disruption and environmental

degradation.
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Table A.1: Long-term Effects of Natural Disasters Exposure on Fertility of the Head of
Household

Dependent Variable: Floods Earthquakes T. Cyclones Landslides Volcanoes
Number of children (1) (2) (3) (4) (5)

Exposed in utero -0.083*** -0.099*** 0.011 -0.072*** 0.025
(0.005) (0.006) (0.020) (0.011) (0.026)

Exposed at age 0-1 -0.065*** -0.126*** -0.023 -0.047*** 0.014
(0.005) (0.006) (0.018) (0.011) (0.022)

Exposed at age 1-2 -0.048*** -0.103*** -0.035** -0.068*** -0.043**
(0.005) (0.006) (0.018) (0.011) (0.021)

Exposed at age 2-3 -0.049*** -0.103*** 0.011 -0.057*** -0.061***
(0.005) (0.006) (0.018) (0.011) (0.021)

Exposed at age 3-4 -0.041*** -0.105*** -0.028* -0.076*** -0.033*
(0.005) (0.006) (0.017) (0.011) (0.020)

Exposed at age 4-5 -0.054*** -0.080*** -0.014 -0.103*** -0.054**
(0.005) (0.006) (0.017) (0.011) (0.021)

Exposed at age 5-6 -0.041*** -0.075*** -0.041** -0.081*** -0.042**
(0.005) (0.006) (0.020) (0.011) (0.021)

Exposed at age 6-7 -0.043*** -0.078*** -0.022 -0.101*** -0.077***
(0.005) (0.006) (0.019) (0.011) (0.020)

Exposed at age 7-8 -0.031*** -0.114*** -0.043** -0.093*** 0.032
(0.005) (0.006) (0.020) (0.011) (0.020)

Exposed at age 8-9 -0.034*** -0.074*** -0.014 -0.112*** 0.028
(0.005) (0.006) (0.020) (0.011) (0.018)

Exposed at age 9-10 -0.038*** -0.062*** -0.031* -0.114*** -0.087***
(0.005) (0.006) (0.017) (0.011) (0.022)

Exposed at age 10-11 -0.034*** -0.064*** 0.007 -0.114*** 0.016
(0.006) (0.006) (0.017) (0.012) (0.020)

Exposed at age 11-12 -0.031*** -0.056*** -0.033* -0.118*** -0.053***
(0.006) (0.006) (0.018) (0.012) (0.021)

Exposed at age 12-13 -0.030*** -0.066*** 0.025 -0.091*** 0.012
(0.006) (0.006) (0.019) (0.012) (0.021)

Exposed at age 13-14 -0.022*** -0.048*** 0.013 -0.111*** -0.009
(0.006) (0.007) (0.019) (0.012) (0.020)

Exposed at age 14-15 -0.033*** -0.069*** 0.014 -0.146*** -0.052**
(0.006) (0.007) (0.020) (0.012) (0.022)

Observations 10,543,282 10,543,282 10,543,282 10,543,282 10,543,282

Notes: Robust standard errors in parentheses, clustered at the district level. *Significant at 10%; **

significant at 5%; *** significant at 1%. All regressions include district fixed effects, cohort fixed effects,

gender fixed effects and regional trends. The regressions are based on individuals older than 20 years.

Data source: Last available National Censuses of Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica,

Ecuador, El Salvador, Haiti, Jamaica, Mexico, Nicaragua, Panama, Peru, Uruguay and Venezuela.



Table A.2: Intergenerational Transmission of Exposure of Mothers to Natural Disasters
on Child Labor

Dependent Variable: Floods Earthquakes T. Cyclones Landslides Volcanoes
Child Labor (1) (2) (3) (4) (5)

Mother’s Exposure in utero 0.012*** 0.009* 0.039 0.036* 0.076*
(0.005) (0.005) (0.028) (0.021) (0.039)

Mother’s Exposure at age 0-1 -0.004 0.004 0.042 0.008 0.014
(0.005) (0.007) (0.042) (0.012) (0.024)

Mother’s Exposure at age 1-2 0.005 0.000 0.008 -0.015 -0.019
(0.005) (0.007) (0.034) (0.011) (0.024)

Mother’s Exposure at age 2-3 -0.006 0.005 -0.010 0.018* -0.009
(0.005) (0.007) (0.029) (0.011) (0.024)

Mother’s Exposure at age 3-4 -0.004 0.010 0.063** 0.006 0.026
(0.004) (0.007) (0.028) (0.010) (0.025)

Mother’s Exposure at age 4-5 -0.004 0.007 0.031 0.021** 0.015
(0.004) (0.007) (0.020) (0.009) (0.024)

Mother’s Exposure at age 5-6 -0.004 0.007 -0.009 -0.001 0.014
(0.004) (0.006) (0.020) (0.009) (0.023)

Mother’s Exposure at age 6-7 0.004 0.008 0.034* 0.024*** 0.002
(0.004) (0.006) (0.018) (0.009) (0.022)

Mother’s Exposure at age 7-8 -0.007 -0.001 0.051*** 0.010 0.011
(0.005) (0.006) (0.016) (0.008) (0.023)

Mother’s Exposure at age 8-9 0.002 -0.001 0.058*** -0.003 0.020
(0.004) (0.006) (0.016) (0.008) (0.026)

Mother’s Exposure at age 9-10 -0.008 0.010 0.062*** -0.006 0.012
(0.005) (0.006) (0.014) (0.008) (0.022)

Mother’s Exposure at age 10-11 -0.007 -0.005 0.016 0.003 -0.018
(0.005) (0.004) (0.013) (0.008) (0.021)

Mother’s Exposure at age 11-12 0.001 0.009 0.043*** 0.012 0.008
(0.004) (0.006) (0.014) (0.007) (0.021)

Mother’s Exposure at age 12-13 -0.002 -0.005 0.024* -0.009 0.006
(0.004) (0.006) (0.013) (0.007) (0.020)

Mother’s Exposure at age 13-14 -0.003 0.004 -0.001 0.004 0.005
(0.004) (0.006) (0.013) (0.007) (0.019)

Mother’s Exposure at age 14-15 -0.004 0.006 0.000 0.006 -0.003
(0.004) (0.007) (0.013) (0.007) (0.019)

Observations 528,790 528,790 528,790 528,790 528,790

Notes: Robust standard errors in parentheses, clustered at the district level. *Significant at 10%; **

significant at 5%; *** significant at 1%. All regressions include district fixed effects, cohort fixed effects,

gender fixed effects and regional trends. The regressions are based on individuals younger than 16 years

where child labor is a binary variable that takes value equal to one if the child works and zero otherwise.

Data source: Last available National Censuses of Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica,

Ecuador, El Salvador, Haiti, Jamaica, Mexico, Nicaragua, Panama, Peru, Uruguay and Venezuela.



Table A.3: Intergenerational Transmission of Exposure of Fathers to Natural Disasters on
Child Labor

Dependent Variable: Floods Earthquakes T. Cyclones Landslides Volcanoes
Child Labor (1) (2) (3) (4) (5)

Father’s Exposure in utero -0.003 0.004 -0.014 0.030 -0.011
(0.008) (0.010) (0.034) (0.026) (0.046)

Father’s Exposure at age 0-1 0.005 0.010 0.045 -0.021 0.054
(0.007) (0.009) (0.045) (0.025) (0.045)

Father’s Exposure at age 1-2 -0.008 0.011 -0.025 -0.023 -0.017
(0.007) (0.009) (0.044) (0.024) (0.036)

Father’s Exposure at age 2-3 0.001 0.003 0.015 -0.011 0.007
(0.006) (0.009) (0.051) (0.018) (0.043)

Father’s Exposure at age 3-4 -0.004 0.006 0.014 -0.001 -0.019
(0.006) (0.008) (0.045) (0.021) (0.038)

Father’s Exposure at age 4-5 0.007 -0.003 0.029 0.018 0.030
(0.005) (0.008) (0.028) (0.019) (0.041)

Father’s Exposure at age 5-6 0.000 0.007 -0.038 0.004 -0.055
(0.005) (0.008) (0.046) (0.018) (0.039)

Father’s Exposure at age 6-7 0.004 0.005 0.005 0.030 0.020
(0.005) (0.008) (0.038) (0.019) (0.036)

Father’s Exposure at age 7-8 -0.004 0.008 0.035 0.010 0.004
(0.005) (0.008) (0.036) (0.017) (0.023)

Father’s Exposure at age 8-9 -0.005 0.007 -0.039 0.025 0.024
(0.005) (0.007) (0.037) (0.016) (0.038)

Father’s Exposure at age 9-10 -0.003 0.003 0.021 -0.002 -0.026
(0.005) (0.005) (0.030) (0.015) (0.035)

Father’s Exposure at age 10-11 -0.006 0.006 -0.035 0.007 -0.017
(0.005) (0.007) (0.029) (0.015) (0.042)

Father’s Exposure at age 11-12 -0.000 0.006 0.005 0.005 0.045
(0.005) (0.007) (0.030) (0.009) (0.037)

Father’s Exposure at age 12-13 0.003 0.007 -0.043 -0.020 -0.029
(0.005) (0.007) (0.033) (0.014) (0.034)

Father’s Exposure at age 13-14 0.000 0.008 -0.033 -0.002 -0.042
(0.004) (0.007) (0.031) (0.014) (0.033)

Father’s Exposure at age 14-15 -0.000 0.007 0.003 0.005 -0.039
(0.004) (0.007) (0.015) (0.008) (0.033)

Observations 528,790 528,790 528,790 528,790 528,790

Notes: Robust standard errors in parentheses, clustered at the district level. *Significant at 10%; **

significant at 5%; *** significant at 1%. All regressions include district fixed effects, cohort fixed effects,

gender fixed effects and regional trends. The regressions are based on individuals younger than 16 years

where child labor is a binary variable that takes value equal to one if the child works and zero otherwise.

Data source: Last available National Censuses of Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica,

Ecuador, El Salvador, Haiti, Jamaica, Mexico, Nicaragua, Panama, Peru, Uruguay and Venezuela.


