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Abstract

Natural disasters have devastating immediate impacts but their long-term consequences
remain underexplored. Through the disruption of schools in the affected areas they can neg-
atively affect enrollment and school completion rates. I study the impact of the 2004 Indian
Ocean tsunami on human capital accumulation among the affected children and adolescents.
Comparing older and younger cohorts within provinces hit by the tsunami and in the rest of
the country in a cross-cohort difference-in-differences framework, I find that the tsunami shock
increased primary school completion by 1.8 percentage points, while the effect on lower sec-
ondary school completion was negative and insignificant and the effect on upper secondary
school completion was positive and insignificant. The young adults affected by the tsunami
during lower secondary school age or younger were also more likely to perform unpaid family
work. A preliminary exploration of mechanisms suggests that the positive effects on human
capital accumulation were concentrated among households who did not migrate away from
the affected provinces, thus benefiting from relief aid.
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1 Introduction

Natural disasters are expected to increase in frequency and intensity in the near future

due to climate change. Even if global warming is limited to 1.5°C, cohorts born after 2010

are expected to see a fourfold increase in extreme events experienced during their lifetime

relative to older cohorts (Thiery et al., 2021). Disasters often result in substantial damage

to infrastructure and loss of life. Some disasters, such as floods or tropical cyclones, can be

predicted with reasonable accuracy and their negative impacts can be mitigated by early
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warning of affected populations. Other disasters, most notably earthquakes, tsunamis,

or wildfires, are difficult to forecast and their negative impacts can only be mitigated by

disaster relief and recovery efforts. To better target these efforts, it is therefore impor-

tant to understand the nature of the negative effects of natural disasters, as well as the

mechanisms through which these effects propagate.

Natural disasters not only cause severe immediate damage to economic activity and

infrastructure but can also have significant long-term consequences. Children are particu-

larly vulnerable to these lasting effects. A vast body of literature shows that adverse shocks

experienced early in life can have repercussions well into adulthood. Weather shocks or

conflicts can cause undernourishment and lower height-for-age (Hoddinott and Kinsey,

2001; Maccini and Yang, 2009; Bozzoli, Deaton and Quintana-Domeque, 2009; Alderman,

Hoddinott and Kinsey, 2006; Akresh, Verwimp and Bundervoet, 2011; Akresh, Lucchetti

and Thirumurthy, 2012; Weldeegzie, 2017), which can further lead to lower income in

adulthood (Dercon and Porter, 2014). Disasters can also have long-term effects through

their impact on human capital accumulation since the level of education affects future

productivity and earnings (Card, 1999).

This paper investigates the long-term effects of natural disasters on human capital ac-

cumulation and the mechanisms through which these effects occur in the context of the

2004 Indian Ocean tsunami. This event was extraordinary in terms of the extent of dam-

age caused but also in the extent of mobilized international aid which allowed for one of

the largest humanitarian relief efforts in history.1

The impact of natural disasters on human capital is a priori ambiguous since disasters

can have both direct and indirect effects. Direct effects are likely to have an unequivocal

negative impact on children’s schooling. Emotional distress and destruction of infrastruc-

ture lead to higher marginal costs of human capital production. In other words, it becomes

more costly for children to stay enrolled in school in the aftermath of a natural disaster if

schools are destroyed and their relatives and teachers die or suffer from injuries. Even a

temporary disruption can possibly lead to a decrease in educational attainment.

Indirect effects have an ambiguous direction and operate through four channels: house-

hold income, parental time, migration, and preferences. First, changes in household in-

come can affect investment in human capital through the household budget constraint.

Higher household income is in theory associated with higher educational attainment of

1The 2004 Indian Ocean tsunami caused deaths of approximately 230,000 people across 15 countries
with Indonesia, Sri Lanka, India, and Thailand suffering the worst damage. The total estimated damage was
USD 13 billion and the global relief aid amounted to USD 13.5 billion. This is equivalent to USD 7,100 per
capita if the aid were distributed equally among the 1.9 million affected (Banerjee, Bevere and Shah, 2024;
Telford and Cosgrave, 2006).
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children but the direction of the disaster effect on household income is ambiguous.2 Al-

though most empirical evidence points to a fall in household income in the aftermath of a

disaster, this relationship could go the other way. For instance, reconstruction efforts might

offer households employment opportunities and thus a source of income. There could also

be direct cash transfers intended as a compensation for the victims.3

Second, parental time is a key ingredient in children’s human capital accumulation

and it is not clear whether its marginal cost increases or decreases after a disaster. On

one hand, destruction might lead to a loss of employment and recreational activities for

parents, thus making time devoted to children’s human capital less costly. On the other

hand, post-disaster reconstruction efforts could increase hours worked by parents, which

would make them less likely to invest time in their children and help them improve their

educational outcomes.

Third, migration can be a way to deal with negative shocks implied by natural disasters

(Belasen and Polachek, 2013; Berlemann and Steinhardt, 2017). However, it is unclear

how migration affects educational attainment. On one hand, migration away from the

disaster can improve employment opportunities of parents and increase household income

that can help keep children enrolled in school. On the other hand, migration can lead to

a disruption of schooling for children which could have permanent effect on their human

capital stocks. Furthermore, out-migrating households might miss out on cash transfers

and other governmental programs aimed at supporting victims of natural disasters.

Finally, a natural disaster might lead to a change in household preferences. Affected

households might find education more valuable as the destruction of physical assets makes

the importance of intangible assets, such as human capital, more salient. Given all these

potential mechanisms, it is unclear what direction should the effect of natural disasters on

human capital accumulation take, and also, which mechanisms are actually at play.

To estimate the impact of the 2004 Indian Ocean tsunami, I exploit the plausibly ex-

ogenous variation in exposure to the resulting destruction using a cross-cohort difference-

in-differences framework. I compare individuals who were of school age when the disaster

struck to those who were older, across both tsunami-affected provinces (Aceh and North

Sumatra) and unaffected provinces. The key identifying assumption is that in the absence

of the tsunami educational attainment would have followed a parallel trajectory in affected

and unaffected districts. I estimate this impact in the context of Indonesia — the country

2A higher household income implies that the household is more likely to afford school fees and other
educational expenses and less likely to rely on child labor and, therefore, less inclined to pull children out of
school.

3For instance, affected households received financial compensation in the amount of 43% of average
annual expenditure after the 2005 Pakistan earthquake (Andrabi, Daniels and Das, 2023).
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most heavily hit — and use data from the 10% sample of the 2010 Population Census of

Indonesia obtained from the Integrated Public Use Microdata Series (IPUMS).

I find that individuals who were of primary school age at the time of the tsunami were

actually more likely to complete primary school compared to their unaffected counter-

parts. This positive effect, an increase of 1.8 percentage points in primary school com-

pletion rates, suggests that the large-scale humanitarian response played a crucial role in

mitigating the potential negative consequences of the disaster. For upper secondary school

completion, I find a positive but statistically insignificant effect of 2.2 percentage points.

In contrast, those who were in lower secondary school at the time of the tsunami were less

likely to complete their education and were more likely to enter the labor force, often in

informal or unpaid work.

Preliminary exploration of potential mechanisms highlights the role of post-disaster

relief efforts in shaping long-term educational outcomes. In response to the tsunami, gov-

ernments, NGOs, and international organizations directed significant resources toward

ensuring educational continuity in affected regions. Temporary schools were established,

school fees were reduced, and scholarships were widely provided to support children’s ed-

ucation (Iwo et al., 2024). I estimate heterogeneous treatment effects by migration status.

The suggest that the relief interventions were particularly effective for primary school-aged

children who remained in their communities after the disaster. In contrast, children from

households that migrated away from affected areas were less likely to complete primary

school, indicating that displacement may have disrupted their education and reduced their

access to relief-driven educational support.

This paper contributes to the literature on the impact of natural disaster on educational

outcomes. The existing evidence shows that slow-onset natural disasters, such as exces-

sive or insufficient rainfall, have immediate impacts on human capital flows. For instance,

Jensen (2000) finds that school enrollment rates drop in places affected by adverse rain-

fall shocks in Côte d’Ivoire. Similarly, Jacoby and Skoufias (1997) find a negative link

between rainfall shocks and school attendance among agrarian households in India. How-

ever, temporary schooling disruption does not necessarily imply lower overall educational

attainment as children can catch up on missed school.

The long-term effects on human capital stock, as proxied by the number of years of ed-

ucation or school completion rates, tend to be relatively understudied (Baez, de la Fuente

and Santos, 2010). Although there have been some recent advances in this literature,

the evidence remains mixed. Some studies find negative long-term effects. For instance,

Caruso (2017) finds that different types of natural disasters in Latin America decrease the

number of years of education for cohorts who were exposed in utero or at a young age.
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Andrabi, Daniels and Das (2023) also document a negative long-term impact on human

capital as measured by test scores despite the affected communities having caught up in

terms of assets, consumption, and infrastructure. Similarly, ? find that droughts in Zim-

babwe led to a decrease in grade completion rates. However, other studies point to null

or even positive long-term effects. In the context of the 2004 Indian Ocean tsunami, Iwo

et al. (2024) find that in the affected districts, individuals from communities that sustained

a lot of damage were no less likely to complete high school than those from communities

without damage. Some evidence even points to a positive effect of the frequency of natu-

ral disasters on human capital accumulation as returns to human capital increase relative

to the returns to physical capital (Zhang and Ruan, 2020). Similarly, in the context of

Hurricane Katrina, improvements in long-term outcomes were documented for income

(Deryugina, Kawano and Levitt, 2018) and student test scores (Sacerdote, 2012).

This paper contributes to the literature on the impacts of natural disasters on human

capital accumulation in two ways. First, my identification strategy improves on the ex-

isting work by relying on a weaker assumption. Previous studies argued that the unex-

pected nature of natural disasters generated a plausibly exogenous variation in affected

and unaffected areas and they considered these areas comparable (Andrabi, Daniels and

Das, 2023), sometimes relying on propensity score weighting to improve comparability

(Deryugina, Kawano and Levitt, 2018). The underlying assumption is that in the absence

of the disaster, the levels of the outcome would have been the same in the treated and

the control areas. In contrast, the cross-cohort difference-in-differences design used in

this paper relies on a weaker parallel trends assumption. In the absence of the tsunami,

the outcomes in the treated and control areas would have followed the same trend. The

treatment effect is identified by comparing school-age cohorts to older cohorts in both af-

fected and unaffected districts. To ensure a more meaningful comparison, I restrict the

age difference between cohorts so that it is not too large. In contrast, Caruso (2017)

compares much younger to much older cohorts, which can be problematic, particularly

in low-income countries where primary and secondary school enrollment rates increased

rapidly over the last fifty years, thus making school completion rates mechanically higher

among younger cohorts. Finally, this paper makes a contribution by exploring the mecha-

nisms through which natural disasters affect educational outcomes. While Caruso (2017)

leverages some cross-country comparisons and finds a non-linear trend between the level

of development and the size of the impact, I focus on household-level mechanisms.

This paper also contributes to the literature on migration as a coping mechanism for

negative shocks (Nakamura, Sigurdsson and Steinsson, 2021; Bryan, Chowdhury and Mo-

barak, 2014) and as a means of escaping poor neighborhoods (Chetty, Hendren and Katz,
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2016; Chyn, 2018). Unlike previous studies, I find that migration away from the affected

provinces negatively impacts children’s human capital accumulation. This is most likely

due to the unique context where the natural disaster was accompanied by a substantial

flow of relief funds and significant governmental efforts to promote the importance of

schooling.

The paper is organized as follows: Section 2 provides background information on the

tsunami shock and on the educational system in Indonesia. Section 3 describes the data

and Section 4 details the empirical strategy. Section 4 presents the main effects on edu-

cational attainment, Section 5 explores the possible mechanisms behind these effects and

Section 6 concludes.

2 Background: The 2004 Tsunami and Education System in In-
donesia

2.1 The 2004 Indian Ocean Tsunami

The 2004 Indian Ocean tsunami struck on December 26, 2004. It was triggered by a

magnitude 9.1 earthquake with the epicenter near the coast of Sumatra. As the world’s

deadliest tsunami, it claimed approximately 230,000 lives and made close to 2 million peo-

ple homeless. Material damages were the worst in Indonesia, specifically in the Aceh and

North Sumatra provinces, Sri Lanka, Thailand, and India. The total losses were estimated

to USD 13 billion (Banerjee, Bevere and Shah, 2024).

On the positive side, the areas affected by the tsunami experienced one of the most

remarkable recoveries. In the aftermath of the disaster, a total of USD 13.5 billion in

international relief aid was pledged by both governments and private sources, exceeding

the estimated total losses (Telford and Cosgrave, 2006). Indonesia received the largest

portion of the relief funds (USD 1 billion).

The tsunami had an immediate and devastating impact. In the most heavily damaged

communities, an average of 25% of individuals perished, with mortality rates exceeding

80% in some of the worst-hit areas (Frankenberg et al., 2011). Destruction of housing led

to two thirds of the population being displaced (Gray et al., 2014). In terms of mental

health impacts, the rates of post-traumatic stress reactivity (PTSR) disorder increased in

the affected province both in heavily damaged areas and in areas without direct damage

(Frankenberg et al., 2008). However, the PTSR rates dropped sharply in the next five

months (Frankenberg, Nobles and Sumantri, 2012).

There is also evidence of the tsunami’s impact on fertility and children’s human capital.

Fertility increased in affected regions due to two main factors. First, mothers who lost a
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child were significantly more likely to give birth post-tsunami. Second, childless women

initiated childbearing earlier in more damaged areas compared to unaffected ones. Re-

garding human capital, Cas et al. (2014) find that children who lost one or both parents

had gender-specific outcomes: boys were more likely to leave school and enter the work-

force, while girls tended to drop out due to early marriage. In contrast, the tsunami’s

impact on younger children’s health appears limited. Those exposed in utero even exhib-

ited higher height-for-age relative to older counterparts.

2.2 Education System in Indonesia

The education system in Indonesia consists of four levels: preschool, basic education,

secondary education, and higher education. Preschool education comprises two years of

schooling during ages five and six. Basic education is subdivided into primary and lower

secondary school. Primary school comprises grades 1 through 6 (ages seven to twelve)

and lower secondary school consists of grades 7 through 9 (ages thirteen to fifteen). While

the official primary school start age is seven, many children begin one year earlier or one

year later. Secondary education spans additional three years and comprises grades 10

through 12 (ages sixteen to eighteen). It offers a general or a vocational (technical) track

with the majority of the students choosing the general track. Finally, enrollment in higher

education starts at age nineteen and several diplomas of varying lengths of study time are

offered, from one-year diplomas to doctoral degrees (Mullis et al., 2016). Education is

administered in public, private, or Islamic schools. The school year operates from July

through June of the following calendar year.

Basic and secondary education up to grade 12 (age eighteen) is compulsory. Primary

school completion is required since the implementation of the National Compulsory Pro-

gram in 1984 and lower secondary education was mandated in 1994. While the 1984

policy was deemed successful in terms of primary school enrollment and attainment, the

1994 policy failed to yield the desired effect (Lewis and Nguyen, 2020). Compulsory

schooling was extended to the upper secondary school in 2015. Primary school education

is universal in the sense of everybody attending primary school rather than completing it.

Lower secondary education completion rates are even farther from 100% as can be seen

in Table 1.

3 Data and Summary Statistics

To estimate the long-run impacts of a natural disaster on human capital accumulation, I

use the ten percent sample of the 2010 Population Census of Indonesia obtained through
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the Integrated Public Use Microdata Series (IPUMS) International (Ruggles et al., 2025).4

IPUMS International is a nationally representative survey and provides information on all

the individuals in the households, their educational attainment, their employment sta-

tus, as well as the characteristics of the household dwelling. The 2010 census surveyed

23,603,049 individuals.

The data was collected in May 2010, five and a half years after the tsunami. This

allows me to estimate the long-run effects of the disaster on human capital accumulation

of those individuals who were of primary or secondary school age in December 2004 and

who should have completed their respective level of education by 2010. Additionally, the

census data is well-suited for examining the plausibility of the identifying assumption—–

that in the absence of the tsunami, educational attainment in affected and unaffected

areas would have followed similar trends. By analyzing the educational attainment of

individuals who were beyond school age before the disaster, I can assess whether there

were any pre-existing trends in education.

Summary statistics for individuals aged 6–30 are reported in Table 2. Column 2 shows

the raw means for given outcomes in Aceh and North Sumatra — the two provinces heav-

ily damaged by the tsunami — while column 1 reports the raw means for all the other

provinces in Indonesia. Column 3 shows the results of a simple t-test of the equality of

the means. The affected and unaffected provinces differ significantly in almost all of the

variables.

The second panel of Table 2 reports means for migration status and parental character-

istics, which are variables relevant to the preliminary exploration of mechanisms behind

the main results. The young individuals in the tsunami provinces are more likely to have

completed primary school, lower secondary, and upper secondary school. They are less

likely to be employed, and if employed, they are more likely to perform unpaid work

rather than receive monetary compensation for their work. The young individuals in the

affected provinces were also more likely to migrate in the past five years, both outside and

within their province. Their parents are less likely to be employed and they are more likely

to live in a single-parent household.

4 Empirical Strategy

I exploit the variation in exposure to the destruction caused by the 2004 Indian Ocean

tsunami in Indonesia in a difference-in-differences framework. I compare individuals who

4Unfortunately, the 2010 Population Census is the latest census currently made available by IPUMS Inter-
national. The most recently collected 2020 census is not yet publicly available.
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were of school age when the disaster struck to individuals who were older, in provinces

struck by the tsunami (Aceh and North Sumatra) and in the unaffected ones. This approach

is similar to other cohort studies. For instance, the difference-in-differences framework

with year of birth as the time variable is employed by Duflo (2001) who explores the

long-term effects of childhood exposure to newly built schools in Indonesia; by Bailey, Sun

and Timpe (2021) who study the impacts of exposure during childhood to the Head Start

program in the United States; or by Carrillo, Charris and Iglesias (2023) who estimate

the long-run impact on educational attainment and employment outcomes of individuals

affected by forced removals of black population to segregated areas during apartheid.

To estimate the following cross-cohort difference-in-differences specification:

sipc = β tsunamip × agec + µp + δc + X′
ipcΓ + εipc (1)

where sipc is an indicator variable equal to one if individual i born in province p and be-

longing to cohort c completed a given educational level. In this paper, I examine primary,

lower secondary, and upper secondary school completion as the three main outcome vari-

ables. I also examine the probability of being employed and the probability of performing

unpaid family work as opposed to paid employment. Note that the information on the

exact number of years of schooling is not available in the 2010 Indonesia Census.

tsunamip × school_agec is an interaction term between a province-level indicator for

the two provinces struck by the disaster (Aceh and North Sumatra) and a cohort-level

indicator for being of relevant age at the time of the disaster. For the primary school

completion, I consider the relevant age to be 11 years or younger since 12 is the age

by which most Indonesian children complete primary school. For the secondary school

completion, I consider the relevant age to be 18 or younger since 19 is the age by which

most Indonesian adolescents complete secondary school.

µp and δc are province-of-birth and cohort fixed effects. Xipc denotes individual-level

characteristics. These include sex and dummies for parental education.

Finally, εipc is an idiosyncratic error term. The sample is restricted to individuals aged

12–30 at the time of the census (6–24 at the time of the tsunami) for the primary school

completion outcome, to individuals aged 15–33 at the time of the census (9–27 at the time

of the tsunami) for lower secondary school completion, and to individuals aged 18–36 at

the time of the census (12–30 at the time of the tsunami) for the upper secondary school

completion. Standard errors are clustered at the province-of-birth level.
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5 Main Results

5.1 Potential Threats to Internal Validity

The validity of cross-cohort difference-in-differences estimates relies on parallel trends

assumption. This requires that in the absence of the tsunami the change in educational

attainment of the school-age and the beyond-school-age cohorts would have followed the

same trend. While this assumption cannot be tested, we can still judge its plausibility by

considering the evolution of the primary and secondary school completion between the

affected and unaffected provinces among the beyond-school-age cohorts. To do that, I

estimate an event-study version of Equation 1 where I estimate differences between the

tsunami and non-tsunami provinces separately for each cohort relative to the last cohort

that is not affected by the disaster:

sipc =
∑
c ̸=c′

βc
1[age = c]× tsunamip + µp + δc + X′

ipcΓ + ηipc (2)

where 1[·] is an indicator function which is equal to one if the individual belongs to

cohort c and zero otherwise. The excluded cohort c′ refers to individuals aged 12 at the

time of the tsunami for primary school completion, to individuals aged 15 at the time of

the tsunami for lower secondary school completion, and to individuals aged 18 at the time

of the tsunami for upper secondary school completion.

The event-study plots for educational outcomes are shown in Figure 1. Cohort-specific

treatment effects and the associated 95% confidence intervals are displayed. Treated co-

horts are those who were younger than a certain cutoff age, and thus the estimated coef-

ficients for the treated cohorts appear on the left-hand side of the plots. Control cohorts

are older and appear on the right-hand side. All three graphs point to an absence of sig-

nificant pre-trends. For primary school completion, the coefficients for the control cohorts

are close to zero. For lower secondary completion, there seems to be a positive pre-trend,

however, the confidence intervals overlap with zero for all control cohorts. For upper sec-

ondary school completion, there is a negative pre-trend, however, the coefficients are again

statistically insignificant.

The event study plots for the probability of being employed are shown in Figure 2. Each

plot shows the cohort-specific treatment effects for different definitions of treated cohorts.

First, individuals of primary school age at the time of the tsunami are considered as treated

and the event study plot shows an increase in the probability of being employed relative to

the cohorts who were thirteen years or older in 2004. There is a slight negative pre-trend
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that is statistically significant for the control cohorts aged thirteen to sixteen. This suggests

that being born in provinces affected by the tsunami has an effect on older children and

that the relevant cutoff age should be higher.

The second plot in Figure 2 shows the effect on the probability of being employed

fifteen-year-olds are the excluded category. The treated cohorts are the individuals of

lower secondary school age or younger at the time of the tsunami. The treatment effects

for the treated cohorts are larger in magnitude relative to the first plot and the pre-trend

coefficients are statistically insignificant, except for cohort sixteen.

Finally, the bottom plot in Figure 2 considers the individuals of upper secondary school

age or younger as treated with eighteen-year-olds as the reference category. The effect

on the likelihood of employment is negative for most treated cohorts but none of the

coefficients are statistically significant. There are also no significant pre-trends.

Being fourteen years old or younger at the time of the tsunami is the most relevant age

cutoff, and therefore, I will focus on this treatment definition when I report the effects on

employment in the next section. Figure 3 further confirms that lower secondary school

age is the relevant treatment group. The three plots show cohort-specific treatment effects

on the probability of performing unpaid family work with different definition of treatment

and different omitted age categories. In the census, being employed amounts to both

paid employment and unpaid family work. The first plot considers the primary school

aged cohort as treated. The probability of unpaid work increases for all treated cohorts

relative to the reference category. However, there is a significant and large negative pre-

trend, suggesting that the treated and control cohorts did not follow the same trend in the

incidence of unpaid work in tsunami relative to non-tsunami provinces.

The second plot displays the cohort-specific treatment effects using individuals of lower

secondary school age or younger as the treatment group. The probability of unpaid family

work increases for cohorts who were in lower secondary school or younger during the

tsunami. There is still evidence of a negative pre-trend, however, the coefficients are much

smaller in magnitude than for the primary school age treatment and are not statistically

significant at the 1% level.

Finally, the third plot considers the individuals of upper secondary school age or younger

as treated. Similarly to the previous case, there is a significant increase in the probability of

unpaid family work for younger cohorts relative to the omitted category of eighteen-year-

olds. However, the coefficients are smaller in magnitude than the treatment effects defined

using the lower secondary age cutoff. The plot also displays a marginally significant and

small pre-trend.
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5.2 The Tsunami Effects on Educational Attainment and Employment Out-
comes

Table 3 reports the estimated effects of the 2004 Indian Ocean tsunami on three main

outcomes related to school completion and three labor market outcomes. In column 1,

I report the effect of being exposed to the tsunami shock while being of primary school

age. Those who were twelve or older at the time of the tsunami serve as a control group

since their ability to complete primary school is less likely to be affected as they should

have already graduated from primary school. The coefficient of interest is 0.018 and

is statistically significant at the 5% level. This implies that children living in provinces

affected by the tsunami and belonging to primary school age cohorts were 1.8 percentage

points (pp) more likely to complete primary school. This represents a moderate increase

of 2.5% relative to the mean primary school completion rate among the 18–30-year-old

adults in the sample (72%).

Column 2 shows the analogous effect on lower secondary school completion, that is,

completion of grade 9. The main difference with the previous analysis is the definition

of the treated cohort. Those who were fourteen or younger at the time of the tsunami

are considered to be the most likely to be impacted in terms of their ability to complete

lower secondary school since they were of lower secondary school age at the time of the

disaster. The coefficient of interest is -0.027 (standard error = 0.017) and statistically

indistinguishable from zero. Lower secondary school completion rate is smaller than pri-

mary school completion rate among individuals aged 18–30 in the sample (40.4%) and so

the 2.7 pp decrease in the probability of completion of grade 9 represents a 6.7% decrease

relative to the mean of the control group.

In Column 3, the effect on completion of upper secondary school (grade 12) is reported.

The estimated coefficient is positive but not statistically significant (0.022; standard error

= 0.018).

In Columns 4–6, results for the employment outcomes are shown. It is important to

examine these effects since the decision to invest in children’s human capital could be

affected by the opportunity cost of their time. If wages increase, for instance, as a result

of higher demand for labor due to post-disaster reconstruction efforts, the opportunity

cost of going to school becomes higher, which decreases the incentive to enroll children

in school. Column 4 reports the effect of being exposed to the tsunami during the lower

secondary school age (fourteen or younger) on the probability of being employed relative

to being either unemployed or not participating in the labor market at all. As discussed

in the previous section, I chose the lower secondary school age as the relevant cutoff

for defining the treatment group because data shows that the parallel trend assumption
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is more likely to hold in this case. Also, lower secondary school completion rate seems

to be the only educational outcome negatively impacted by the tsunami. The estimated

coefficient is 0.038 (standard error = 0.024). It is not statistically significant but it is large

in magnitude as it represents a 36% increase relative to the mean in the control group

(10.6% of the 9-to-27-year-olds are employed).

The results in Columns 2 and 4 suggest that there is some substitution between invest-

ment in human capital and participating in the labor market for cohorts of lower secondary

school age or younger during the tsunami. However, it is still not clear whether the lower

educational attainment in the tsunami-affected provinces could be explained by the chil-

dren’s higher opportunity cost of time, or whether the children work because their families

cannot afford to send them to school. In Columns 5 and 6, I the effects on the probability

of paid employment as opposed to performing unpaid family work. The treated cohorts

are 24.1 pp less likely to be paid for their work, which represents a 27% drop relative

to the mean of the control group (89.2% among the 9-to-27-year-olds who are employed

work for pay).

In contrast, the treated cohorts are more likely to perform unpaid family work. The ef-

fect reported in column 6 mirrors exactly the effect on the probability of paid employment

in column 5 because by construction, an employed individual must perform either paid

or unpaid work. These results suggest that the decision to withdraw children from com-

pulsory schooling is not necessarily be related to the children’s opportunity cost of time.

However, this could still be related to the parent’s opportunity cost of time as they could

be choosing to work longer hours, and therefore might need more help with chores and

other activities around the house.

6 Preliminary exploration of mechanisms

In this section, I explore some possible mechanisms behind the tsunami effects on edu-

cational attainment and employment outcomes. In particular, I am interested in three

potential mechanisms: whether the household migrated after the disaster, whether par-

ents are employed, and whether both parents are present in the household.5 To examine

these mechanisms, I estimate heterogeneous treatment effects by interacting the treatment

variable (the interaction between being born in an affected province and belonging to an

affected cohort) with a dummy variable describing a given mechanism. Note that these

mechanisms are defined after the shock happened, which means that they are potentially

5Parents are defined as the head of the household and spouse. In some instances, there are multiple
household heads and/or multiple spouses per household. In this case, I define a father (mother) as working
if at least one of the male (female) household heads or spouses is reported as working.
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endogenous, and therefore, I consider this analysis as only suggestive evidence, rather

than causal evidence.6

6.1 Mechanisms Behind the Increase in Educational Attainment

The exploration of potential mechanisms behind the increase in primary school completion

is summarized in Table 4. First, households who migrated after the tsunami have lower

treatment effects than households who stayed in place (column 1). This effect is particu-

larly driven by the households who migrated away from the affected provinces (column 2)

rather than by households who migrated within these provinces (column 3).

Treatment effects are slightly smaller for those individuals whose parents are employed

(columns 4 and 5) but noticeably larger for households where both parents are present,

which is a proxy for not losing a parent in the disaster.

6.2 Mechanisms Behind Higher Incidence of Unpaid Family Work

Table 5 reports on the analysis of potential mechanisms behind the higher probability of

unpaid family work for cohorts who were exposed at the lower secondary school age. The

positive treatment effect is almost mitigated for the households who migrated away in the

aftermath of the tsunami (column 1), and more so for those households who migrated

away from the affected provinces (column 2) than for households who changed their res-

idence within the same province (column 3). This suggests that the increase in unpaid

family work could be driven by reconstruction efforts where the households most affected

in terms of housing destruction could be relying on their children to help them rebuild.

For the households where either both parents have a job (column 4) or where specifi-

cally the mother is employed (column 5), the differential treatment effect (the coefficient

on the interaction term) cancels the main negative effect. This implies that children in

the households were both parents do not work are in fact less likely to perform unpaid

work, and instead take on paid employment opportunities to help contribute to the family

budget. In contrast, children in households where both parents (or specifically mother)

work are more likely to perform unpaid family work. This suggests that the main tsunami

effect on the lower secondary school cohorts (a decrease in lower secondary school com-

pletion and an increase in the incidence of unpaid work) could be driven by some parents

losing jobs in the aftermath of the disaster, and thus not being able to send their children

to school anymore.

6Causal mediation analysis could be an appropriate method to shed light on mechanisms (Hicks and
Tingley, 2011). However, implementing this type of analysis in a difference-in-differences framework is not
straightforward.
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Finally, column 6 shows that children in households where both parents are present are

slightly less likely to perform unpaid work.

7 Conclusion

Natural disasters can have long-lasting consequences on the affected populations. Beyond

the immediate impacts in terms of material damage and loss of life, there can also be

persistent impacts on human capital accumulation and later labor market outcomes of

individuals exposed during childhood. This paper documents the effects, six years after the

natural disaster struck, on educational attainment and labor market outcomes of cohorts

affected during the primary school, lower secondary school, and upper secondary school

age.

First, primary school completion rates actually increased among children affected by

the tsunami by 1.8 pp. This could be explained by the extraordinary humanitarian re-

sponse following the 2004 Indian Ocean tsunami where extremely large amounts of relief

funds were raised and sent to the affected regions. There was a special emphasis on ed-

ucation. To help prevent schooling disruptions, temporary schools were set up, fees were

reduced, and scholarships were provided (Iwo et al., 2024). A positive, although insignif-

icant effect of 2.2 pp is also observed for upper secondary school completion rates. These

results suggest that even one of the largest natural disasters ever recorded does not neces-

sarily lead to human capital losses if the relief efforts are well targeted.

Some preliminary explorations of mechanisms provides evidence that the relief efforts

were key in achieving the positive impact on human capital accumulation. In fact, the

effects on primary school completion were the largest among those households who did

not migrate in the aftermath of the disaster. Furthermore, children in households that

migrated away from the affected provinces were less likely to complete primary school

relative to the control cohorts.

While primary school aged individuals benefited, the slightly older individuals who

were of lower secondary school age during the tsunami seem to have been negatively

impacted. They were less likely to complete lower secondary school by 2.7 pp, although

the estimate is not statistically significant. Additionally, they were more likely to enter the

workforce and be employed, but less likely to receive monetary compensation for their

work.

The preliminary exploration of mechanisms suggests that these effects could be driven

by the demand for assistance with chores and other household needs, which could be

higher due to the post-disaster reconstruction efforts. In fact, children in the households
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who migrated away from the affected provinces, that is, to the places where there would

not be any ongoing reconstruction efforts, were less likely to perform unpaid family work,

while the individuals whose parents were employed were more likely to work without pay.

These findings highlight the heterogeneous effects of natural disasters on human cap-

ital accumulation. While younger cohorts benefited from well-targeted relief efforts that

mitigated potential educational losses, older cohorts faced greater challenges in continu-

ing their education, potentially due to increased household responsibilities. These results

underscore the importance of timely policy interventions that ensure access to education

for all affected individuals. Future research could further explore the long-term labor mar-

ket trajectories of these cohorts and assess whether the initial human capital accumulation

effects translate into persistent economic outcomes.
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Tables

Table 1: School completion rates by cohort

% complete % complete % complete
Age primary school lower sec. school upper sec. school

10 0.% 0.% 0.%
11 13.22% 0.% 0.%
12 42.76% 0.% 0.%
13 78.22% 4.72% 0.%
14 90.68% 19.03% 0.%
15 93.95% 46.79% 0.%
16 95.25% 70.2% 3.41%
17 95.38% 75.79% 17.04%
18 95.28% 76.4% 37.52%
19 95.04% 75.3% 47.45%
20 94.64% 73.22% 48.45%
21 95.38% 74.09% 49.91%
22 95.41% 73.12% 48.79%

Note: Author’s own calculations based on the 2010 Indonesia Census.
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Table 2: Summary statistics, individuals aged 6–30 at tsunami

All other Aceh & North Difference
provinces Sumatra (2) - (1)

(1) (2) (3)

Educational attainment & employment status
Completed primary school 0.892 0.912 0.020***

(0.000) (0.000) (0.000)
Completed lower secondary school 0.564 0.664 0.100***

(0.000) (0.001) (0.001)
Completed upper secondary school 0.309 0.400 0.092***

(0.000) (0.001) (0.001)
Male 0.503 0.502 -0.001

(0.000) (0.001) (0.001)
Employed 0.826 0.817 -0.008***

(0.000) (0.001) (0.001)
If employed, paid work 0.892 0.793 -0.098***

(0.000) (0.001) (0.001)
If employed, unpaid work 0.108 0.207 0.098***

(0.000) (0.001) (0.001)

Migration status & parental characteristics
Migrated in the past 5 years 0.064 0.083 0.018***

(0.000) (0.000) (0.000)
Migrated outside of province in the past 5 years 0.036 0.041 0.005***

(0.000) (0.000) (0.000)
Migrated within province in the past 5 years 0.028 0.042 0.014***

(0.000) (0.000) (0.000)
Both mother and father are employed 0.455 0.443 -0.012***

(0.000) (0.001) (0.001)
Mother is employed 0.487 0.487 -0.000

(0.000) (0.001) (0.001)
Both mother and father present in the household 0.839 0.823 -0.016***

(0.000) (0.000) (0.000)
N 9,348,337 875,069 10,223,406

Note: Summary statistics are calculated for individuals aged 6–30 at the time of the tsunami using the 2010
Population Census of Indonesia. Column (1) reports the means for provinces not affected by the tsunami
and Column(2) reports the means for provinces affected by the tsunami. Column (3) shows the results of a
t-test of equality between the two means. Standard errors are in parentheses. *** significant at 1% level. **
significant at 5% level. * significant at 1% level.
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Table 3: Tsunami impacts on educational and employment outcomes

Completed: If employed:

primary lower second. upper second. Prob. of being Paid Unpaid
school school school employed work work

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

Ts. × primary school age (6-11) 0.018**
(0.008)

Ts. × lower secondary -0.027 0.038 -0.241*** 0.241***
school age or younger (9-14) (0.017) (0.024) (0.022) (0.022)

Ts. × upper secondary 0.022
school age or younger (12-17) (0.018)

Observations 7,927,752 7,758,543 7,622,730 4,814,555 5,579,152 5,579,152
Ages included (at tsunami) 6–24 9–27 12–30 9–27 9–27 9–27
R-squared 0.37 0.223 0.399 0.106 0.157 0.157
Control mean 0.721 0.404 0.236 0.89 0.892 0.108

Note: This table reports results from the cross-cohort difference-in-differences regression specification formulated in 1. The
reported coefficient is the coefficient on the dependent variable capturing the difference-in-differences treatment effect: the
interaction term between a dummy representing the tsunami-affected provinces and a dummy representing the affected co-
horts. The affected cohorts vary based on the main outcome variable and are described by their age at the time of the tsunami.
Standard errors clustered at the birth-province level are in parentheses. *** significant at 1% level. ** significant at 5% level.
* significant at 1% level.
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Table 4: Potential mechanisms behind higher primary school completion
rates

Heterogeneous treatment effects by:
Both parents Mother Both parents

Migrant 1 Migrant 2 Migrant 3 employed employed in the HH
(1) (2) (3) (4) (5) (6)

Treatment 0.022*** 0.022*** 0.022*** 0.027*** 0.026*** 0.022**
(0.006) (0.006) (0.006) (0.005) (0.005) (0.009)

Migrant 1 0.001
(0.002)

Treatment × Migrant 1 -0.014***
(0.002)

Migrant 2 0.002
(0.003)

Treatment × Migrant 2 -0.027***
(0.003)

Migrant 3 -0.001
(0.002)

Treatment × Migrant 3 -0.004*
(0.002)

Both parents -0.007**
employed (0.003)

Treatment × Both -0.007
parents employed (0.007)

Mother employed -0.008***
(0.003)

Treatment × -0.006
Mother employed (0.007)

Both parents 0.024***
in HH (0.008)

Treatment × Both -0.000
parents in HH (0.005)

Observations 4,726,228 4,726,228 4,726,228 4,038,454 4,568,942 4,726,813
R-squared 0.392 0.392 0.392 0.403 0.394 0.392

Note: This table reports results from the cross-cohort difference-in-differences regression specification where
the treatment dummy (interaction between tsunami provinces and affected cohort dummies) is interacted with
dummies for potential mechanisms. The affected cohort are individuals of primary school age at the time of
the tsunami (6–11). “Migrant 1” equals one for those who migrated in the past 5 years (between 2005 and
2010). “Migrant 2” equals one for those who migrated to a different province in the past 5 years. “Migrant
3” equals one for those who migrated to a different district or village within the same province in the past 5
years. Standard errors clustered at the birth-province level are in parentheses. *** significant at 1% level. **
significant at 5% level. * significant at 1% level.
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Table 5: Mechanisms behind higher probability of unpaid family work

Heterogeneous treatment effects by:
Both parents Mother Both parents

Migrant 1 Migrant 2 Migrant 3 employed employed in the HH
(1) (2) (3) (4) (5) (6)

Treatment 0.277*** 0.274*** 0.272*** -0.033** -0.058*** 0.268***
(0.022) (0.022) (0.022) (0.013) (0.013) (0.020)

Migrant 1 -0.016
(0.011)

Treatment × Migrant 1 -0.245***
(0.015)

Migrant 2 -0.006
(0.013)

Treatment × Migrant 2 -0.281***
(0.019)

Migrant 3 -0.029**
(0.011)

Treatment × Migrant 3 -0.197***
(0.021)

Both parents 0.129***
employed (0.024)

Treatment × Both 0.423***
parents employed (0.031)

Mother employed 0.128***
(0.025)

Treatment × 0.421***
Mother employed (0.031)

Both parents -0.031*
in HH (0.016)

Treatment × Both 0.002
parents in HH (0.004)

Observations 2,473,823 2,473,823 2,473,823 2,020,737 2,374,191 2,473,899
R-squared 0.192 0.192 0.192 0.241 0.230 0.192

Note: This table reports results from the cross-cohort difference-in-differences regression specification where
the treatment dummy (interaction between tsunami provinces and affected cohort dummies) is interacted with
dummies for potential mechanisms. The affected cohort are individuals of lower secondary school age or
younger at the time of the tsunami (9–14). “Migrant 1” equals one for those who migrated in the past 5 years
(between 2005 and 2010). “Migrant 2” equals one for those who migrated to a different province in the past 5
years. “Migrant 3” equals one for those who migrated to a different district or village within the same province
in the past 5 years. Standard errors clustered at the birth-province level are in parentheses. *** significant at
1% level. ** significant at 5% level. * significant at 1% level.
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Figure 1: Estimated effects on schooling outcomes: event study

(a) Primary school completion

(b) Lower secondary school completion

(c) Upper secondary school completion

Note: The graphs plot the βc coefficients and their respective 95% confidence intervals obtained by estimating
Equation 2 with completion of different levels of schooling as the main outcome variables. The excluded
reference cohorts are marked by the red line. The excluded cohort is 12 for primary school completion, 15
for lower secondary school completion, and 18 for upper secondary school completion. Treated cohorts are
on the left-hand side of the cutoff whereas the control cohorts are on the right-hand side.
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Figure 2: Estimated effects on employment probability by treated cohorts

(a) Probability of being employed, primary school age treatment

(b) Probability of being employed, lower secondary school age treatment

(c) Probability of being employed, upper secondary school age treatment

Note: The graphs plot the βc coefficients and their respective 95% confidence intervals obtained by estimating
Equation 2 with probability of being employed (relative to unemployed or inactive) as the main outcome
variable. The excluded reference cohorts are marked by the red line. The excluded cohort is 12 for primary
school age treatment, 15 for lower secondary school age treatment, and 18 for upper secondary school age
treatment. Treated cohorts are on the left-hand side of the cutoff whereas the control cohorts are on the
right-hand side.
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Figure 3: Estimated effects on unpaid family work probability by treated cohorts

(a) Probability of unpaid family work, primary school

(b) Probability of unpaid family work, lower secondary school age treatment

(c) Probability of unpaid family work, upper secondary school age treatment

Note: The graphs plot the βc coefficients and their respective 95% confidence intervals obtained by estimating
Equation 2 with probability of unpaid family work (relative to paid employment) as the main outcome
variable. The excluded reference cohorts are marked by the red line. The excluded cohort is 12 for primary
school age treatment, 15 for lower secondary school age treatment, and 18 for upper secondary school age
treatment. Treated cohorts are on the left-hand side of the cutoff whereas the control cohorts are on the
right-hand side.
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