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Abstract 
Using 4 rounds of data for 2000 children in Vietnam between 2006-2016, I investigate the relationship between natural 
disasters and child health and education outcomes. Two econometric models are presented, Fixed Effects (FE) and First-
Differences (FD), with the FD model preferable for its greater efficiency. I conclude that child educational outcomes are 
affected by the advent of a natural disaster, with the FD model predicting an average 2.6 pp. decrease in a child’s math 
percentage score due to a flood, and a 2.14 pp. decrease in a child’s PPVT percentage score due to an erosion. There are 
no statistically significant impacts on health outcomes. I attempt to explain these findings by exploring theoretical 
frameworks relating to the consumption function. Further heterogeneity analyses demonstrate that the effects are largely 
homogenous for floods, but not so for erosions. Positive and negative sensitivity analyses are also undertaken. The latter 
supports the internal validity of the FD results, but the failure to corroborate my findings with the alternative sampling 
methodologies of the former suggest that earlier findings pertaining to education were sensitive to model specification.  
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1. Introduction: 

 The threat of climate change has been increasingly salient in recent years. Aside from causing 

the annihilation of numerous wildlife ecosystems, climate change has exacerbated many weather-

related events, increasing their frequency, intensity, and extent of impact (IPCC 2014). As a 

consequence, devastating natural disasters have seen greater prominence, and have become part and 

parcel of our daily lives (Thomas & Lopez 2015). The economic impact of these disasters cannot be 

understated. In 2018, the U.S. suffered more than $91 billion in losses from natural disasters alone, at 

almost 20 times that of the 1950s (Chappell 2019). At the micro-level, there is consensus that these 

disasters directly result in the loss of lives, property, and household income (Arouri et al. 2015). Still, 

there is considerable variation across communities based on localized exposures and vulnerabilities 

(Clark et al. 1998). Additionally, conditional on survival, supplementary indirect effects diverge as 

household preferences and domestic conditions play into decision-making processes. With child 

welfare often compromised in times of crisis (Chen & Corak 2008), it is important to investigate how 

these broader environmental events play into the circumstances of the younger generation. 

Specifically, I look at Vietnam, whose tropical and coastal geography results in a country with one of 

the highest disaster exposure rates in the world today (UNISDR 2009).  

 Economic growth in Vietnam has been phenomenal over the past two decades. A recent 

report from Pricewaterhouse Coopers (2017) indicates that Vietnam is likely to be the fastest-growing 

of the world’s economies, with long-term annual GDP growth in excess of 5%. Jim O’Neill, who 

infamously coined the term BRICS, also contends that Vietnam is 1 of 11 countries that will 

complement the new powerhouses as the largest economies of the 21st century (Martin 2012). 

Fortunately, Vietnam’s growth has been accompanied by an outstanding record of inclusivity, with a 

consistent reduction in the national poverty rate, and an annual growth of 9% in the average income 

of the bottom 40% between 1992-2012 (Tran 2013). Still, 9.8% of the country lives under the national 
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poverty line, and more than 30% classified as economically insecure by international standards. In 

addition, concerns about inequalities are rife, with 45% of ethnic minorities living in poverty, despite 

comprising only 15% of the total population (Pimhidzai 2018). To aggravate matters, the poorest 

households tend to congregate in mountains and highlands, where suboptimal production, a lack of 

agricultural dynamism, and minimal access to important resources leave them especially susceptible to 

weather-related shocks (Le et al. 2014). While the Vietnamese government has enacted a number of 

anti-poverty programs aimed at elevating the functional knowledge of the poor (Quan 2009), there 

has been a conspicuous absence of an integrated disaster management framework (World Bank 2017). 

This is concerning because Vietnam is known to be prone to natural disasters, being ranked fourth in 

the world in terms of absolute number of people exposed to floods, tenth for cyclones, and fourteenth 

for droughts (UNISDR 2009). By failing to mitigate the risks for a vulnerable population, the 

Vietnamese government jeopardizes their ability to defeat chronic poverty, and forgoes a potentially 

productive labor force needed to sustain economic growth (Breu et al. 2012). Therefore, there is a 

critical necessity to provide policymakers with relevant information in this domain, so as to support 

overall human capital accumulation within Vietnam, and ensure that ethnic tensions arising from 

inequalities do not clog the country’s future economic agenda.  

Using data from the Young Lives (YL) Study at Oxford University, I collate a panel of 2,000 

children across 4 rounds between 2006-2016. The choice of focus is informed by the prime candidacy 

of children for human capital investment, and their being integral to Vietnam’s future growth 

(HKTDC 2017). Based on data availability and geographic relevance, I elect to consider two forms of 

natural disasters – floods and erosion, and four child outcomes that reflect educational and health 

attainment. The working assumption is that said disasters hinder income generation, which 

correspondingly affects child outcomes via alterations in household spending patterns. This is 

supported by a wide base of literature (e.g. Dercon 2004, Samphantharak 2014, Bui et al. 2014).  
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I first explore the two prominent theoretical frameworks by which natural disasters might 

affect child outcomes, namely Keynes’ (1936) Absolute Income Hypothesis (AIH), and Friedman’s 

(1957) Permanent Income Hypothesis (PIH), which posit contrasting consumption behavior based 

on income shocks. I then identify suitable controls via a simple OLS specification, before moving on 

to Fixed-Effects (FE) and First-Differences (FD) models that isolate causality based on the strict 

exogeneity of the independent variables. The two are utilized for better comparison, though the latter’s 

efficiency is favored based on serial correlation between the error terms. Following which, I undertake 

heterogeneity analyses based on geographic and entity-specific characteristics, before testing the 

robustness of my results with a variety of positive and negative sensitivity analyses. I find that the 

results from the FD model are internally valid and preferred, with coefficients almost always negative. 

There is no statistically significant impact by natural disasters on child health outcomes, best explained 

by consumption smoothing akin to the PIH. Conversely, educational outcomes are affected, ostensibly 

via the AIH, with a 2.6 percentage point (pp.) decrease in a child’s math percentage score due to 

floods, and a 2.14 pp. decrease in PPVT percentage score due to erosions. These are largely 

homogenous for floods, but less so for erosions. The lack of positive verification from the sensitivity 

analyses suggests that the findings are responsive to model specification. Section 2 overviews the 

related literature, Section 3 investigates the theoretical framework, Section 4 presents the data, Section 

5 elaborates the empirical strategy, Section 6 discusses key findings, and Section 7 concludes.   

2. Literature Review: 

The relationship between household income shocks and child outcomes has received 

substantial interest over the past two decades. Capitalizing on natural experiments, many studies 

exploit the resulting variation in incomes to disentangle its relationship with child investment and 

outcomes. For instance, Miller & Urdinola (2010) utilize coffee price fluctuations in Colombia as a 

proxy for income shocks; Jensen (2000) and Macinni & Yang (2009) are two popular studies that look 
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at fluctuations in agricultural yield; Paxson & Schady (2005) and Pongou et al. (2006) both study the 

effects of macroeconomic crises, with the former in Peru, and the latter in Cameroon; others like 

Duflo (2000) investigate policy-driven shocks a la the Old Age Pension Program in South Africa. 

Another strand of literature focuses on randomized experiments. Clark-Kauffman et al. (2003) and 

Duncan et al. (2011) provide two useful overviews. Both pool data from work-welfare programs in 

North America to conclude that positive income shocks improve school achievement and cognitive 

development. A thinner strand of literature looks specifically at Conditional Cash Transfer (CCTs) 

programs. Prominent papers include Fernald et al.’s (2008) evaluation of Progresa-Oportunidades in 

Mexico, and Riccio et al.’s (2010) study of the NYC Family Rewards program. However, these are 

more policy-specific due to the conditionalities attached. Regardless, the methods seen in the above 

studies have all helped to resolve the dominant endogeneity issue that has plagued earlier research.  

 Relating to this paper, the premise of employing natural disasters as a proxy for negative 

income shocks is found on three main causes. First, natural disasters are known to cause a reduction 

in household capital (see Dercon 2004, de Janvry et al. 2006, Carter et al. 2007), particularly through 

the loss of physical assets (Samphantharak 2014, Sahin & Sag 2015). This is especially salient in 

developing countries where limited resources are channeled to asset protection. Second, natural 

disasters impede the production of goods, especially agricultural, thereby hindering income generation 

(Xu et al. 2011, Lin & Chou 2014). Income from households in the manufacturing sector are also 

affected, as evidence suggests that procurement patterns might change (Hayakwa et al. 2015) or plants 

made redundant (Matsuki & Manugi 2016). Finally, natural disasters destroy surrounding 

infrastructure. This might hinder a household’s ability to engage productively with the economy (Baez 

et al. 2010, Deshmukh et al. 2011), and/or cause dampened job prospects from a depressed business 

environment (Cashin & Sosa 2013). In developing countries, these effects are exacerbated due to the 

prevalence of low quality infrastructure (Escaleras & Register 2016).  
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 At the macro-level, there appears to be a broad consensus on the effects of natural disasters 

on human capital development. Cuaresma (2010) and McDermott (2012) both look at cross-country 

data of more than 170 countries over a 20-year timeframe in the late 1900s and conclude that natural 

disasters have significantly negative effects on school enrollment rates and child health. This is backed 

by Toya et al. (2010), who look at a smaller subset of 89 countries, but over a longer period between 

1960-1990. While their focus is on the relationship between human capital and economic growth, they 

provide evidence that per-land climatic and geologic disasters are strong instruments for a country’s 

total years of schooling. Others have demonstrated that poorer/developing countries generally suffer 

more when compared to their richer counterparts (Jaharudin et al. 2018). Though sparse, some studies 

have also looked specifically at country-specific national data. For example, Rush (2018) concludes 

that natural disasters negatively affect primary and secondary school enrollment in Indonesia, while 

Tseng (2016) posits that in-utero exposure to disasters cause fetal mortality rates to rise from 3.2% to 

4.4% in Taiwan. Beyond disasters, Flug et al. (1998) looks generally at income volatility in Latin 

American countries from 1970-72, and notes a countercyclical relationship between income and 

average secondary enrollment. Hitherto, the macro perspective suggests that investment in child 

development is often compromised when negative income shocks abound.   

 Unfortunately, the results are less conclusive at the household level. In this case, two 

prominent strands of literature exist. The first subscribes to Friedman’s (1957) PIH, where households 

smooth consumption such that it is consistent with their long-run average income. Thus, natural 

disasters, or income shocks more generally, have no discernible effects on child outcomes. Friedman’s 

hypothesis is supported by household data across a number of countries. Jacoby & Skoufias (1997), 

Schady (2004), and Strauss et al. (2004) all find that crises in India, Peru, and Indonesia respectively 

have little to no effect on overall schooling outcomes, while Miller & Urdinola (2010) document a 

procyclical relationship between coffee price and child mortality in Colombia. Pertaining to natural 
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disasters, Guin (2015) maintains that conditional on survival, child health in Indonesia remains 

unaffected. Likewise, Baez & Santos (2007) find no significant impact of tropical storms in Nicaragua 

on overall school enrollment. Additionally, some studies directly address mechanisms of consumption 

smoothing, such as the sale of assets and buffer stock in Tanzania (Beegle et al. 2006), or the use of 

credit in Bangladesh (Alvi & Dendir 2011) that offset transitory shocks so that households do not 

turn to child labor – and consequently affect child outcomes – as a coping mechanism. Conversely, 

the second strand of literature affirms the intuitive Keynesian AIH (1936), which contends that 

contemporaneous disposable income is the decisive factor for household expenditure. Thus, to name 

a few, natural disasters as seen in France (Banerjee et al. 2010), Cote d’Ivoire (Jensen 2000, Cogneau 

& Jedwab 2012), El Salvador (Santos 2007), Mexico (Aguilar & Vicarelli 2011), and the Philippines 

(Deuchert & Felfe 2015) all had adverse effects on child education and/or health. In contrast to the 

macro view, literature in this domain is contentious, and the variance in results can be attributed to a 

variety of conditions, including spatial & temporal conditions, as well as the local population’s general 

disaster resilience. Additionally, the specific type of shock is likely to matter, as results from a recession 

vis-à-vis a natural disaster may differ, or even between disasters such as tornadoes and floods, even if 

all serve as valid proxies for negative income shocks.  

 The aforementioned inconclusiveness points to the heterogeneity of effects across countries. 

This makes it difficult to draw conclusions on any specific country without a dedicated in-depth study. 

Regrettably, literature with a Vietnamese focus is sparse. As aforementioned, this is concerning 

because Vietnam is known to be prone to disaster shocks, being ranked fourth in the world in terms 

of absolute number of people exposed to floods, tenth for cyclones, and fourteenth for droughts 

(UNISDR 2009). Current literature typically addresses household welfare, leveraging the National 

Household Living Standards Surveys between 2000-2010 (Thomas et al. 2010, Bui et al. 2014, Arouri 

et al. 2015). There is consensus that natural disasters lead to a decline in per capita income and welfare 
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of between 6.9-7.1% (Thomas et al. 2010, Bui et al. 2014), although frequent exposure has led to better 

coping mechanisms such that many households do not experience these as negative events (Thomas 

et al. 2010), and there is variance amongst floods, droughts, and storms (Arouri et al. 2015). Some 

work has also been done relating natural disasters to the macroeconomy (Noy & Vu 2010), 

underscoring the positive effects that “creative destruction” have in the short-run by forcing the 

replacement of archaic plants, and with firms (Vu & Noy 2018), where disasters depress retail sales 

but lead to an increase in firm investment of the same magnitude, though these are unrelated to 

changes in surrounding household incomes. To my knowledge, there is limited to no work on child 

outcomes. This is troubling given the Vietnamese population boom, its bottom-heavy population 

pyramid, and the need for human capital development to supplement its meteoric growth. In tandem 

with the frequency of local disasters, this is a gap that needs to be bridged.  

 The closest study to this paper is a recent article by Cuong & Nguyet (2018). Using data from 

the Young Lives dataset, they provide comparative evidence linking natural disasters to child outcomes 

in Ethiopia, India, Peru, and Vietnam, and conclude that there are significant and negative effects. 

Perhaps because the authors adopt a broad geographic representation, there is much room for 

improvement in terms of methodological depth. First, notwithstanding the presence of five rounds of 

data, the authors selectively employ data from the 2nd (2006) and 3rd round (2009). This defeats the 

purpose of an extensive longitudinal survey like the Young Lives dataset, and obscures important data 

points, particularly from the most recent 4th and 5th rounds, which are relevant for contemporary 

interests. Additionally, with only 2 rounds of data, no meaningful comparison can be made between 

the FE and FD models, since the results will be identical. Second, the authors surprisingly present 

only one econometric model based on child and time fixed effects. This is despite them noting that 

the impacts likely differ for “regions [and] communities.” In the case of disasters, which tend to hit at 

a community, rather than at the individual level, this is worrisome. It would be useful to have a 
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comparison with commune-level fixed effects, and interacted geographic-time fixed effects. This is 

exacerbated by the limited choice of controls, which only cover household composition and parental 

education. Important controls like wealth, access to credit, and community-level indicators are 

excluded. All in, there is reason to question the reported significance levels. Third, no attempt at 

further sensitivity analysis is made, which again begets the issue that the results are predicated on a 

singular model specification, especially since most of the survey is self-reported. Finally, in context of 

differing disaster resilience, the paper could benefit from some form of heterogeneity analysis.   

 Synthesizing the above, I contribute to the literature in a few main strands:  

(i) Geographically, I seek to relieve the paucity of studies that engage with Vietnam. As 

aforementioned, there seems to be a lack of overall consensus relating to child outcomes, 

much less one with external validity applicable to Vietnam.  The bridging of this gap is 

imperative given Vietnam’s disaster exposure, the advent of climate change, the immense 

potential of its economy, and the pre-dominance of low income households who are most 

susceptible to weather-related income shocks.   

(ii) I contribute to a growing strand of literature that uses micro-evidence to disentangle complex 

relationships by looking at the vessels that drive overall change. Household-level data 

facilitates greater insight by allowing me to delve into heterogenous effects that are potentially 

responsible for the inconclusiveness of earlier studies. Moreover, I am able to look at metrics 

previously unmeasurable by aggregate data. For example, individual test scores, which capture 

the cognitive development of a child.   

(iii) Many studies to date opt to pursue educational outcomes. Studies relating to health outcomes 

are noticeably absent in Vietnam, while those present abroad tend to reflect long-term results. 

The Young Lives dataset provides necessary information on short to medium term health 

effects, which are equally important in context of income shocks.  
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(iv) Empirically, I assimilate two newer rounds of data, and adopt a more comprehensive 

approach, including the use of interacted fixed effects and the extension of controls, which 

provides for comparison amongst a variety of methodologies. Also, I explore a FD model, 

which helps control for unobserved time-invariant components, and is more efficient than the 

FE model due to serial correlation between the error terms.  

(v) Finally, I incorporate multiple sensitivity analyses. This includes re-sampling at the commune 

level, which distinguishes between the effect of idiosyncratic versus commune-level shocks, 

helps negate any self-reporting bias, and explores differences that might arise due to 

community pooling of risks (Hyder et al. 2015). I also conduct falsification tests, as well as a 

difference-in-difference approach that looks at a subset of children whose only differentiating 

factor is a singular shock in the interim. 

3. Theoretical Framework 

Fundamentally, it is important to consider the mechanism by which natural disasters may 

affect child outcomes. Taking inspiration from Chandrasekharan (2016), I first propose a basic model 

of household income relevant to the households in our dataset.  

(A)              𝑌𝑖𝑐𝑝𝑡 = 𝑌(𝐾𝑖𝑐𝑝𝑡 , 𝐴𝑖𝑐𝑝𝑡 , 𝑁𝑐𝑝𝑡) 

Here, the income 𝑌 of a household i in commune c of province p at time t is a function of three 

independent variables. These are a household’s capital 𝐾, the amount of agricultural or manufactured 

goods produced 𝐴, and the infrastructure surrounding its locality 𝑁. As seen from the literature (e.g. 

Dercon 2004, Samphantharak 2014, Matsuki & Manugi 2016), household income is invariably affected 

by the advent of a natural disaster. Such disasters damage physical capital, which are often unprotected 

and comprise the majority of holdings in poverty-stricken households, impede income from the 

production of goods in both agricultural and manufacturing sectors, and harm surrounding 

infrastructure, hindering a household’s ability to engage productively with the economy and 
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dampening its job prospects from a depressed business environment. Thus, I take the onset of a 

natural disaster as a proxy for negative income shocks.  

 Two potential and contrasting hypotheses exist, which date back to regular debates 

surrounding the appropriate consumption function. Keynes (1936) in his critically acclaimed General 

Theory, proposes the Absolute Income Hypothesis.  

(B)             𝐶𝑡 = 𝛼 + 𝜆𝑌𝑡 

Keynes asserts that real consumption 𝐶𝑡 is a stable and direct function of real disposable income 𝑌𝑡. 

It is assumed to vary directly with income, although the Marginal Propensity to Consume (MPC) 𝜆 is 

less than unity. As such, when income rises/drops, consumption correspondingly increases/decreases, 

although this rate of increase/decrease is less than the rate of increase/decrease in income. 

Autonomous spending 𝛼 is assumed to be positive, as agents with no income might still have to fund 

debt obligations and necessities. Since the Average Propensity to Consume (APC) =
𝐶

𝑌
 is greater than 

MPC = 
Δ𝐶

Δ𝑌
, effects are more salient in the long run as MPC tends toward APC, and the income 

elasticity of consumption tends toward unity. Nonetheless, according to Keynes, income shocks 

should still produce noticeable effects on consumption in the short-run, even if the effects are not 

wholly equal. Following Keynes’ hypothesis, a natural disaster that affects household income via 

equation (A) should lead to a negative shock to real disposable income 𝑌𝑡, and hence,  𝐶𝑡 at the rate 

of the MPC 𝜆. With households reducing consumption, there should be visible effects on both child 

education and health outcomes.   

 Conversely, Friedman (1957) proposes a Permanent Income Hypothesis, where agents partake 

in consumption smoothing, such that consumption at any point is consistent with their expected long-

term average income. Central to Friedman’s argument is the delineation between permanent income 

𝑌𝑝 and transitory income 𝑌𝑡. 
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(C)             𝑌 = 𝑌𝑝 + 𝑌𝑡 

Permanent income is an agent’s expected long-term average income, while transitory income may be 

interpreted as unanticipated income, that may be either positive or negative. For example, a windfall 

from a lottery results in positive transitory income, while a locust attack that destroys crops is seen as 

negative transitory income. Hence, in the case of a disaster in the interim period,  𝑌2 < 𝑌1 because 

𝑌2
𝑡 < 𝑌1

𝑡 = 0. However, according to Friedman, permanent income remains at 𝑌1
𝑝 = 𝑌2

𝑝
, especially 

since households that live in tropical areas with high disaster exposure are likely to internalize the costs 

of potential natural disasters in their expected long-term average income.  

 In the case of consumption, the same demarcation between permanent consumption 𝐶𝑝 and 

transitory consumption 𝐶𝑡 is observed. 

(D)                  𝐶 = 𝐶𝑝 + 𝐶𝑡 

Permanent consumption is what agents consume regularly based off their expected permanent income 

𝑌𝑝. Similarly, transitory consumption can be either positive or negative. For example, 𝐶𝑡 might be 

positive due to abnormally high electricity bills during a cold spell, or negative in the event of a 

temporary tax relief. Adopting a modification of the two-period model by Dillon (2013),  

(E)              𝑈 = 𝑢(𝑎1, 𝑎2) + ß𝑢̈(𝑐1, 𝑦2) 

I assume that parents are rational and seek to maximize utility 𝑈. All parents invest in their children 

as household utility comprises adult consumption in period 1 (𝑎1) and 2 (𝑎2), child consumption in 

period 1 (𝑐1), and child’s future income in period 2 (𝑦2). Child utility is discounted by ß. Hence, within 

Friedman’s framework, educational and health costs for a child are components of a household’s 

permanent consumption, where regular consumption has been smoothed upon their birth.  

 Returning to Friedman, it is thus established that 𝐶𝑝 is a direct function of 𝑌𝑝, and that this 

is independent on the size of 𝑌𝑝. Rather, consumption depends on the MPC from 𝑌𝑝, 𝑘, which 
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comprises rate of interest (𝑖), the ratio of nonhuman wealth to income (𝑤), and other household-

specific factors symbolized by the portmanteau variable (𝑢) such as its taste and preferences.  

(F)      𝐶𝑝 = 𝑘(𝑖, 𝑤, 𝑢)𝑌𝑝 

Therefore, regardless of any shocks to income, 𝐶1
𝑝 = 𝐶2

𝑝
, assuming 𝑘(𝑖, 𝑤, 𝑢) is held constant.  

 Finally, (C), (D), and (F) must be viewed in context of Friedman’s underlying assumption,  

(G)       𝜌𝑌𝑡𝑌𝑝 = 𝜌𝐶𝑡𝐶𝑝 = 𝜌𝑌𝑡𝐶𝑡 = 0 

where 𝜌 represents the correlation coefficient between the variables. Importantly, Friedman believes 

that transitory income and transitory consumption have no direct correlation. This implies that the 

MPC from 𝑌𝑡 is zero. Put simply, a household fortunate enough to receive positive transitory income 

will not alter its consumption, while those unlucky enough to receive negative transitory income do 

not reduce consumption. Instead, they reduce savings, or look for alternative forms of credit. Thus, 

in line with Friedman’s hypothesis, negative income shocks from a natural disaster should not cause 

any discernible effects on a child’s education/health outcomes, which should be relatively stable across 

time as a constituent of a household’s permanent spending.  

A preliminary assessment of the contrasting hypotheses suggests that households in my 

context, which are mainly poverty-stricken, are more likely to subscribe to the Keynesian AIH. This 

is because they are unlikely to have large reserves of savings or easy access to credit that aid in 

consumption smoothing during the presence of negative income shocks. If so, there should be visible 

effects on both child education and health outcomes.  

4. Data  

The dataset that I will be using originates from the Young Lives (YL) study conducted by the 

Department of International Development at the University of Oxford. This is a longitudinal research 

project that tracks 3000 children in Vietnam over five rounds from 2002 to 2016, with the time 

between each round spanning 3-4 years. Two cohorts of children are followed simultaneously; the 
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younger cohort (YC) comprises 2000 children born between 2001-02, while the older cohort is made 

up of 1000 children born between 1994-95. For the purposes of this paper, I will be examining data 

for the 2000 children in the YC from Round 2 to Round 5 of the study. This is because health and 

educational outcomes are unreported for the OC in the later rounds of the study, as it shifts toward 

observing job outcomes, as well as anthropomorphic characteristics of their new families and children. 

Round 1 is excluded because the YC was still in the infant stage, with little to no measurable outcomes.  

As the initiative primarily aims to tackle childhood poverty, a multistage sentinel site sampling 

approach is undertaken. After a process of iterative consultation, 5 (out of 9) representative regions 

in Vietnam were selected, followed by a province within each region; these selections were based on 

regional and urban/rural differences in Vietnam. Following which, the communes in each province 

were ranked by poverty level and an over-poor sampling strategy is adopted, where four communes 

(two from the poor group, one from the average, and one from the above average) were ultimately 

selected in each province. Finally, within each commune, 100 YC children and 50 OC children were 

randomly sampled. If a selected commune had insufficient numbers of YC or OC children, children 

from a neighboring commune with similar socioeconomic conditions furnished the sample, leading 

to a total of 31 communes in the study. No household is allowed more than one YL child; this means 

that for the purposes of this paper, household and child attributes are referred to interchangeably.  

Importantly, the over-poor bias implies that the findings of this paper might not be externally 

valid for all children in Vietnam. However, it is to date the only cohort study available for under-

privileged children in Vietnam. Additionally, by comparing the characteristics of YL households in 

Round 1 with the nationally representative Living Standard Survey (VLSS 2002), and Demographic 

and Health Survey (DHS 2002), Nguyen (2008) concludes that while the YL households are poorer 

than the average Vietnamese household, the sample covers the diversity of children in Vietnam 

through a wide variety of attributes and experiences.  
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Table 1 presents the 2002 distribution of YL observations by province, with supplementary 

data adapted from the General Statistics Office of Vietnam (GSO 2002) and Nguyen (2008). As 

observed, at the commencement of the study, despite the pro-poor bias, there is diversity in the choice 

of province. Geographically, the five selections span both urban and rural communities, covering 

coastal, mountainous, and river settlements, which are the three main forms of Vietnamese terrain. 

Economically, Da Nang appears to be the richest and most developed, followed by Hung Yen and 

Ben Tre, which are rather average, and finally, Phu Yen and Lao Cai, representative of the poorer 

provinces. The variation is also observed in other social indicators, though Da Nang has a significantly 

lower number of schools, perhaps due to it being a city with a greater population density that facilitates 

larger per-school student population. This stratification in provincial choice is further supported by 

the random sampling of households within. Thus, though the pro-poor bias suggests that it would be 

a stretch to draw conclusions for the Vietnamese population as a whole, for the purposes of this paper, 

the YL dataset is a valuable tool through which the impact of natural disasters on underprivileged 

children in Vietnam can be analyzed.   

 Table 2 reports the descriptive statistics for our variables of interest. Panel A captures our two 

independent variables, believed to have the largest explanatory power in terms of natural disasters for 

child outcomes in the Vietnamese context. The two are dummy variables, indicating whether a child/ 

household reports experiencing a flood and/or erosion in between the previous and the current round. 

Notably, floods occur considerably more than erosions, at 7.1% of all observations compared to that 

of 1.4%. The fact that the percentage occurrence is still relatively low allows for a substantial basis of 

comparison. Panel B looks at our four dependent variables, including a child’s scores in the Young 

Lives Mathematics Test (YLMT), and the Peabody Picture Vocabulary Test (PPVT) to determine 

educational achievement. Results are mediocre, with the average child barely achieving a passing grade. 

Health outcomes are seen in a child’s BMI and weight. By comparing the mean BMI of the sample in 
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each round with peers of the same age group globally, the YC children are seen to borderline on being 

underweight, suggesting malnourishment. This is likely due to the low mean monthly expenditure on 

food, which stands at approximately $13 USD per household. Panel C and D exemplify key child and 

commune characteristics, that are likely to influence our stipulated outcomes. The use of these will be 

further elaborated below.  

5. Empirical Strategy  

 I first run a simple OLS specification; this reports the initial correlation between the variables 

and identifies suitable controls.   

(H)          𝑌𝑖𝑐𝑝𝑡 = 𝛼 + ß𝐷𝑖𝑐𝑝𝑡−𝜃 + 𝐶𝑖𝑐𝑝𝑡 + 𝑋𝑐𝑝𝑡 + 𝑉𝑖𝑐𝑝 + 𝜖𝑖𝑐𝑝𝑡  

Here, 𝑌𝑖𝑐𝑝𝑡 represents either one of the four educational or health outcomes of a child i, in commune 

c of province p, at time t. Pertaining to educational outcomes, I focus on metrics previously unobserved 

in aggregate data. These are a child’s test scores in the PPVT and the YLMT. The former is a popular 

international assessment which screens a child’s receptive vocabulary, while the latter is a specialized 

amalgamation of national and international tests that defines quantitative performance. In tandem, 

they demonstrate a child’s cognitive performance, and are likely connected to a household’s education 

expenditure. Relating to health, I adopt two commonly used anthropometric indicators for nutritional 

status, BMI and weight, which are responsive to nutrition in the short and medium term. 𝐷𝑖𝑐𝑝𝑡−𝜃 is 

the independent binary variable that indicates whether the child (or guardian) reports having 

experienced a natural disaster in the time since the past round, with 𝜃 noting the time lapse, and ß 

capturing the relationship of interest. Based on data availability and geographic relevance, the two 

types of natural disasters selected are floods and erosions. A large number of earlier studies have 

documented determinants of education for children (Filho 2008, Edmonds 2008, Krutikova 2009). 

𝐶𝑖𝑐𝑝𝑡 is a vector of child-specific variables that reflects these controls, including household wealth, 

location, composition, food expenditure, access to sanitation, current and potential access to credit, 
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and the amount of time a child spends at work and school, all of which are seen in Panel C of Table 

2. Additionally, I include 𝑋𝑐𝑝𝑡, a vector of commune-specific control variables, seen in Panel D of 

Table 2, comprising commune population size, poverty level, and access to health facilities, which are 

relevant to the outcome variables. 𝑉𝑖𝑐𝑝 is a vector of time-invariant controls, including a child’s gender, 

and whether or not the child’s household site is rural.  

 Following the confirmation of the necessary control variables, I proceed with three separate 

fixed effects (FE) regressions. The assumption here is that the onset of natural disasters are strictly 

exogenous. Hence, by controlling for observed and unobserved variation between entities, I am able 

to isolate the causal impact of natural disasters on child outcomes. The regressions follow: 

(I)                 𝑌𝑖𝑐𝑝𝑡 = 𝛼 + ß𝐷𝑖𝑐𝑝𝑡−𝜃 + 𝐶𝑖𝑐𝑝𝑡 + 𝑋𝑐𝑝𝑡 + 𝑉𝑖𝑐𝑝 + 𝜃𝑡 + 𝛾𝑐 + 𝜖𝑖𝑐𝑝𝑡  

(J)         𝑌𝑖𝑐𝑝𝑡 = 𝛼 + ß𝐷𝑖𝑐𝑝𝑡−𝜃 + 𝐶𝑖𝑐𝑝𝑡 + 𝑋𝑐𝑝𝑡 + 𝜃𝑡 + 𝜎𝑖 + 𝜖𝑖𝑐𝑝𝑡               

(K)            𝑌𝑖𝑐𝑝𝑡 = 𝛼 + ß𝐷𝑖𝑐𝑝𝑡−𝜃 + 𝐶𝑖𝑐𝑝𝑡 + 𝑋𝑐𝑝𝑡 + 𝜎𝑖 + 𝛿𝑝𝑡 + 𝜖𝑖𝑐𝑝𝑡 

The first regression (I) employs 𝜃𝑡 and 𝛾𝑐 , round and community fixed effects. 𝜃𝑡 is used to control 

for unobserved entity-invariant variables that shift across time. For instance, the overall quality of 

education in Vietnam might have increased between Round 2 and Round 3; this effect is captured by 

the round dummies in vector 𝜃𝑡 as opposed to being inaccurately attributed to the presence/absence 

of natural disasters. Conversely, 𝛾𝑐  encompasses unobserved time-invariant commune-level attributes, 

such as commune geography or practices, that impact child outcomes. The controls from (H) remain. 

In (J), I replace 𝛾𝑐  with 𝜎𝑖, child fixed effects. By further reducing the level of the entity at which I 

employ said fixed effects, I am able to control for additional time-invariant differences, such as a 

child’s natural cognitive ability, or innate health. 𝑉𝑖𝑐𝑝 is removed to avoid collinearity with 𝜎𝑖. Finally, 

regression (K) replaces 𝜃𝑡 from (J) with 𝛿𝑝𝑡 , an interacted province-round fixed effect. I elect to 

interact round with province rather than commune as floods and erosion tend to extend over a sizeable 
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geographic area, possibly at or larger than a commune. In this manner, commune-round fixed effects 

are less functional, as a whole commune might be affected by a natural disaster between rounds. 

Rather, province-round fixed effects account for regional differences across time that are unlikely to 

be endogenous with the advent of a disaster. These include changes in wealth, composition, legislation, 

or anti-poverty programs of a province.  

 I also proceed with a first-differences (FD) model for comparison. The benefits are similar to 

a child FE model, as the FD estimator avoids bias due to unobserved time-invariant attributes. 

However, because the data spans more than 2 rounds, the FD estimator is more efficient since the 

error terms 𝜖𝑖𝑐𝑝𝑡 are likely to be serially correlated.  

(L)          ∆𝑌𝑖𝑐𝑝𝑡 = 𝛼 + ß∆𝐷𝑖𝑐𝑝𝑡−𝜃 + ∆𝐶𝑖𝑐𝑝𝑡 + ∆𝑋𝑐𝑝𝑡 + 𝜃𝑡 + ∆𝜖𝑖𝑐𝑝𝑡 

(M)           ∆𝑌𝑖𝑐𝑝𝑡 = 𝛼 + ß∆𝐷𝑖𝑐𝑝𝑡−𝜃 + ∆𝐶𝑖𝑐𝑝𝑡 + ∆𝑋𝑐𝑝𝑡 + 𝛿𝑝𝑡 + ∆𝜖𝑖𝑐𝑝𝑡  

The FD model is similar to the FE model, except that differences are computed for all observed 

variables, i.e. ∆𝑌𝑖𝑐𝑝𝑡 = 𝑌𝑖𝑐𝑝𝑡 − 𝑌𝑖𝑐𝑝𝑡−1. The same goes for the independent variable, the two vectors 

of control variables, and the error term. Akin to the FE model, two separate regressions are run, with 

(L) and (M) employing round and province-round fixed effects respectively. No time-invariant fixed 

effects are employed as they are naturally incorporated in the FD model. The interpretations of the 

predicted coefficients remain the same. 

 While the above provides a causal average treatment effect (ATE) of natural disasters on child 

outcomes, part of the reason studies to date have been inconclusive is likely due to the inconsistency 

of experiences across entities. The YL dataset, being documented at the child level, provides a unique 

opportunity to delve into heterogenous treatment effects (HTE) such that policymakers might derive 

richer information for better targeting. As such, leveraging any previously discovered ATE with the 

preferred FD model, I build on my findings with independent HTE regressions of the form: 

(N)      ∆𝑌𝑖𝑐𝑝𝑡 = 𝛼 + ß∆𝐷𝑖𝑐𝑝𝑡−𝜃 + 𝜆(∆𝐷𝑖𝑐𝑝𝑡−𝜃 × 𝐻𝑖𝑐𝑝) + ∆𝐶𝑖𝑐𝑝𝑡 + ∆𝑋𝑐𝑝𝑡 + 𝛿𝑝𝑡 + ∆𝜖𝑖𝑐𝑝𝑡  
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(O)      ∆𝑌𝑖𝑐𝑝𝑡 =  𝛼 + ß∆𝐷𝑖𝑐𝑝𝑡−𝜃 + 𝜆(∆𝐷𝑖𝑐𝑝𝑡−𝜃 × ∆𝑊𝑖𝑐𝑝𝑡−1) 

+∆𝑊𝑖𝑐𝑝𝑡−1 + ∆𝐶𝑖𝑐𝑝𝑡 + ∆𝑋𝑐𝑝𝑡 + 𝛿𝑝𝑡 + ∆𝜖𝑖𝑐𝑝𝑡  

Regression (N) is utilized for analyzing heterogeneity pertaining to time-invariant variables, of which 

no FD is taken. 𝐻𝑖𝑐𝑝 is a dummy variable that takes the value of 1 if a child is male or separately, if 

the child’s household is located in a rural area. Therefore, ß now captures the effect of a natural 

disaster for a female child or urban household, and 𝜆 represents the additional difference in impact 

that a male child or rural household is predicted to face on average. I employ (O) in the case of three 

time-variant variables. The first is a household’s wealth, rated increasingly on an index [0, 1]. The 

second is a dummy variable, indicating whether or not a household is able to access emergency credit. 

The third is the amount of paid work hours a child engages in a day. However, since these are likely 

to be contemporaneous variables that are in turn affected by natural disasters, I choose to lag said 

variable by 1 round, resulting in 𝑊𝑖𝑐𝑝𝑡−1. To elaborate an example, a household’s wealth is likely to 

be an indicator of its disaster resilience and its subsequent reaction to an income shock, but this wealth 

is concurrently affected by the occurrence of a natural disaster. By lagging said variable, I observe how 

households react to shocks based on pre-existing, rather than endogenous characteristics. Like (N), 𝜆 

denotes the additional effect based on the variable, with interpretation dependent on particular units. 

The FD model a la equation (M) is employed as the base for the greatest efficiency and specificity.  

6. Results & Discussion 

 The results for the initial OLS regression (H) are reported in Table 3. At first glance, the 

relationship between floods and the outcome variables are substantially higher, at values approximately 

4 to 5 times that of erosion. The predicted coefficients are also statistically significant across the board, 

unlike those of erosion. For the most part, the direction of effect for the statistically significant 

coefficients seem to adhere to intuitive predictions. However, there are two main anomalies. The first 
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lies in conflicting results for the flood and rural dummy variables. In the case of the former, floods 

appear to share a positive correlation with a child’s math results, unlike the negative impact it has on 

all other outcomes. For the latter, rural households have contradictory and significant results within 

both educational and health outcomes. Second, the correlation between two variables – a household’s 

access to emergency redit and the presence of a public hospital in the locality – and the outcome 

variables are counter-intuitive, with negative and significant effects. Additionally, like that of floods, 

the predicted coefficients for the three other outcomes are inconsistent with that of a child’s math 

scores. This is possibly due to the presence of 3 rounds of data for math results, as opposed to 4 for 

the rest. Nonetheless, little weightage should be given to the interpretation of these results, as I have 

yet to account for unobserved spatial and temporal differences, which are important considering the 

diversity arising from stratification. Neither did I cluster errors at the commune-level, a practice critical 

in the case of natural disasters which tend to hit minimally at said level. Returning to the OLS’ primary 

aim of identifying suitable controls, the prevalent statistical significance of the predicted coefficients 

suggest vital relationships with the outcome variables that might be inaccurately attributed to our 

independent variables if obscured. Therefore, I utilize this same set of controls for all regressions that 

follow in this paper; this minimizes any selection and/or omitted variable bias.  

The FE results from equations (I) to (K) are presented in Tables 4-7; all variations are run 

twice, with and without controls. Standard errors are clustered at the commune-level, as with the 

remainder of all regressions in the paper. In terms of education, the occurrence of a flood appears to 

have significant and negative effects on a child’s math scores. Referring to Table 4, controlling for 

variance across communes and rounds, (2) predicts that the occurrence of a flood leads to a 3.65 pp. 

decrease in a child’s math percentage score, ceteris paribus. This is statistically significant at a 5% level. 

Unfortunately, the effects taper off in both statistical and economic significance with the introduction 

of more specific FEs. Regressions (3) and (4) demonstrate no statistically significant effects if child, 
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rather than commune FEs are employed. This is also the case for (5) and (6) that replace round FEs 

with interacted province-round FEs which account for province-specific time trends as opposed to 

general time trends. Similarly, as evidenced by (7), erosions are initially predicted to have an 

economically and statistically significant impact of a 5.23 pp. decrease in a child’s math percentage 

score, but this is quickly diminished when more variation is accounted for. The above suggests that 

by ignoring heterogeneity in time trends, and/or at the child-level, such as innate child psychology or 

household preferences, the effects of a flood might be severely overestimated. 

 Surprisingly, a contrasting pattern is observed when considering the relationship between 

floods and PPVT scores. Like the above, the effects of floods as predicted from (1) to (6) in Table 5 

are negative. However, they increase in economic and statistical significance with the introduction of 

more precise FEs, possibly due to a reduction in the relative standard errors that might occur from 

unobserved variation. At a 10% significance level, (6) predicts that controlling for variance across 

children and province-specific time trends, floods on average cause a 1.24 pp. decrease in a child’s 

PPVT percentage score, ceteris paribus. Nonetheless, this again underscores the importance of 

controlling for variation, where greater weightage should be placed on the results in columns (6), (12), 

and (18) of both tables, or the conclusions might otherwise be biased. Concerning erosions, it appears 

that there are consistently negative and statistically significant effects between the occurrence of 

erosions and a child’s PPVT scores. The effects of erosion on PPVT scores are also higher than that 

of floods, with (12) in Table 5 predicting a 2.01, as opposed to 1.24 pp. decrease in (6). Regrettably, 

for both educational outcomes, there is substantial loss in statistical significance when running both 

floods and erosion together. A drop in economic significance is also noticeable for erosions, 

suggesting that erosions might have absorbed much of the effects of a concurrent flood when run 

alone. Still, there is value in considering erosion independently, as wind and climate change are other 

prevalent causes. Thus, the FE results suggest that natural disasters have a negative impact on child 
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educational outcomes, with consumption behavior likely influenced by the Keynesian AIH. With 

lower overall income, households reduce spending, leading to poorer child achievement. The 

economic significance is large, given that the mean percentage score in both cases are about 55%.  

 Transitioning to child health, the FE results in Table 6 and 7 mostly document negative effects 

that arise from the advent of a natural disaster. Regrettably, the results for child weight are almost 

always statistically insignificant. The exception to this is with the use of less specific fixed effects, and 

with the exclusion of controls, seen in regressions (1) and (13) of Table 7. Similar to the results for 

math, discounting of controls and more precise fixed effects lead to large economic and statistical 

overestimations for the effects of floods, and also that of erosions, albeit in the opposite direction. 

Regarding a child’s BMI, Table 6 shows relatively consistent and significant negative effects of floods 

at an approximate 0.25 reduction, up until province-round FEs are introduced. Considering the low 

mean and median BMI of the sample at 16.5 and 15.8 respectively, and that the average child 

borderlines on being underweight, this is economically significant. The onset of a natural disaster could 

easily push a victim over the ‘unhealthy’ threshold. With province-round FEs, these effects are reduced 

drastically and also relegated to statistical insignificance. Specific to erosions, there again appears to be 

economically large negative effects similar in size to that of floods, but no conclusions can be drawn 

due to statistical insignificance. These observations hold for floods and erosion regardless of whether 

they are run independently or concurrently (see (13) to (18)).  

The overall inconclusive results support the earlier supposition that model specification is 

integral. As aforementioned, the YL team has endeavored via stratified sampling to ensure broad 

representation across geography, experience, and conditions. Hence, I elect to be strict in choice of 

specification. In particular, the use of interacted province-round alongside child FEs controls for the 

most variation, and allows accurate isolation of the relationship of interest. In context of this sample, 

the choice is practical given that recent developments in Vietnam have been less than uniform, and 
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highly contingent on geography and experiences (Bui & Imai 2018). Referring to the results seen in 

(6), (12), and (18) of Tables 6 and 7, it is then apparent that there is no statistically significant effect 

relating natural disasters to child health outcomes. In contrast to educational outcomes, the FE results 

for child health reflect consumption behavior in alignment with Friedman’s PIH hypothesis. This 

suggests that households are more likely to adopt consumption smoothing for child nutrition, which 

is unsurprising, as the immediate returns from health tend to take precedence over the long-term 

returns from education for most low-income households in developing countries.    

 Due to the advent of natural disasters fulfilling the assumption of strict exogeneity, the FE 

models provide an internally valid causal estimate. However, many studies have emphasized a 

preference for the usage of FD models in panel data, as the estimators are more efficient due to serial 

correlation amongst the error terms. This is likely to be the case for the YL dataset. Since I utilize 

more than 2 rounds of data, the FD and FE estimators yield differing coefficients, and it is useful to 

compare them here. Tables 8 and 9 present the results from specifications (L) and (M), the FD 

estimators for child educational outcomes. The former demonstrates that floods now have consistent 

and statistically significant negative effects on a child’s math scores. From (4), controlling for 

unobserved time-invariant attributes and province-specific time trends, experiencing a flood is 

predicted to cause a 2.6 pp. decrease in a child’s math percentage score, ceteris paribus. This result is 

comparable to the FE model, (6) in Table 4, where we control for similar attributes, except the FD 

estimator retains statistical significance at 10%. The impacts of erosion are less salient, with 

economically large negative effects, but a loss in statistical significance when controlling for province-

specific time trends. Running both floods and erosion together does not change these findings.  

Pertaining to a child’s PPVT scores, the FD estimator affirms the earlier finding that erosions 

maintain more substantial and significant effects than floods. Now, (8) in Table 9 predicts that an 

erosion causes on average a 2.14 pp. decrease in a child’s PPVT score, and this is statistically significant 
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at a 1% level.  Floods have little economic and statistical significance. Unlike the FE estimator, running 

both floods and erosions together in a FD model does not reduce the statistical significance of the 

findings, though there is a minor decline in the absolute value of said effects, resulting in the predicted 

1.93 pp. drop in (12). Hitherto, the FD estimator is noticeably more efficient than the FE estimator. 

Focusing on the model that accounts for the most variation (i.e. (4), (8), or (12) in Tables 8 and 9), it 

is apparent that floods have a negative and significant effect on a child’s math scores, while PPVT 

scores are mainly affected by erosion. The FD estimators, with their efficiency and greater statistical 

significance, validate the previous conjecture that the Keynesian AIH is applicable to child educational 

outcomes, which are sensitive to the experience of a natural disaster, presumably due to its effect on 

household income. The findings are also economically significant. Given that the mean performance 

of a child in both tests is 55 pp, such disasters cause an approximate 4% drop in a child’s achievement. 

 Similarly, the FD findings on child health outcomes in Tables 10 and 11 affirm the statistical 

insignificance found in the FE model. Additionally, any projected economic significance is further 

reduced. As observed, the majority of predicted coefficients are negative. Unfortunately, there is little 

statistical significance except in (1) and (2) of Table 10, which emerge to be large overestimates both 

statistically and economically when dummies for province-specific time trends are introduced. The 

overall loss in economic significance is also visibly pervasive. Comparing (12) in Table 10 to (18) in 

Table 6, the impact of floods on a child’s BMI is reduced by more than half, while the predicted impact 

of erosions drops by almost 4 times. Between floods and erosions, (12) in Table 10 predicts a less than 

0.06 drop in BMI, which is almost negligible. This recurs in the case of weight. (12) in Table 11 suggests 

that floods and erosions on average lead to an approximate 100g reduction in a child’s weight. 

Compared to (18) in Table 7, which predicts up to a 350g loss, the difference is striking. Nonetheless, 

no valid conclusion can be drawn about a causal relationship between natural disasters and child health 

outcomes with the use of the FD estimators. Rather, the insignificant results mirror the initial 
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speculation that Friedman’s PIH applies to child health outcomes, where consumption smoothing 

assures stable spending in this domain. Like the case for educational outcomes, the FD estimators 

merely rehash earlier findings but with better reliability and also to a greater effect.  

 Building on these discoveries, I undertake heterogeneity analyses via regressions (N) and (O). 

Specifically, I look at the preferred FD model, and where there are established ATEs between the 

independent and dependent variables. Thus, two relationships are scrutinized, namely the impact of 

floods on a child’s math scores, and the impact of erosions on a child’s PPVT scores. The results are 

seen in Table 12.  Regressions (1), (3), (6), and (8) note no significant additional effects of natural 

disasters on educational outcomes that can be attributed to a child’s gender, or a household’s wealth. 

The former is surprising because it defies a popular strand of literature, which contends that gender 

gaps prevail in the event of household income shocks (Foster 1995, Bjorkman-Nyqvist 2013). Though 

the latter might appear counter-intuitive, a possible explanation might lie in the YL’s computing of 

the wealth index. The index is an aggregate of a household’s housing quality, access to services, and 

ownership of consumer durables. Though durables may be liquidated to facilitate consumption 

smoothing (Beegle et al. 2006), the wealth index ignores other more immediate and fundamental 

coping mechanisms, including a household’s existing savings, or agricultural livestock/assets, which 

may be of equal or larger influence. This might cause the large standard errors and consequent 

statistical insignificance of the interacted variables.  

Comparing (2) and (7), the statistical insignificance in (2) suggests that the effect of floods are 

largely homogenous across rural and urban households. In contrast, (7) shows that erosion is especially 

harmful to rural households, almost doubling the negative impact on a child’s PPVT scores from a 

3.52 pp. drop to a 6.3 pp. drop, at a 1% significance level. The divergence in results is understandable, 

as floods have equally devastating effects on both rural and urban areas, while erosion mainly hampers 

agricultural activities, which are a common means of subsistence for rural households. This 
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dissimilarity is repeated in terms of a household’s access to emergency credit. Seen in (9), the additional 

effects for a household that faces erosion but with such financial reinforcement at its disposal is 

positively large and significant, so much so that it more than offsets the ATE of erosion on child 

PPVT scores.. Unfortunately, as (4) illustrates, the same cannot be said for floods and math scores, 

with the predicted coefficient of the interacted term having little economic and statistical significance. 

Perhaps this is because erosions alone are less physically destructive than floods, and a small 

emergency sum allows appreciably more alleviation.  

Finally, regressions (5) and (10) illustrate at a 1% significance level that children with longer 

working hours are hurt less, or may even benefit from the onset of a disaster. The results suggest that 

the negative effects of a natural disaster on educational outcomes are actually eroded by every lagged 

additional hour of work a child used to engage in per day, at an approximate 8 pp. increase in test 

scores. This result is extremely startling, since the mean performance of a child sits at about 55%, and 

that our earlier FD results suggest negative effects chiefly in the domain of 2 pp.. One possible 

implication could be that child laborers actually benefit from physical destruction, as there is less arable 

land and productive work requiring their input, which in turn allows them to dedicate more effort 

toward their studies. However, I am cautious about drawing this conclusion, as the sample size of 

children who engage in paid labor is small, with only about 11 out of the 2000 children in the sample 

doing so. The abnormality of this finding might lie in the atypical experiences of these few children.  

Nonetheless, to summarize the findings of the above section, the empirical results from the 

FE and FD models both reveal that natural disasters are particularly harmful to child educational 

outcomes and not much so for child health outcomes, though the predicted coefficients across all 4 

outcome variables are mostly negative. These findings allude to Keynesian-inspired spending behavior 

for educational outcomes, and the relevance of consumption smoothing a la the Friedman PIH in 

terms of health outcomes. The direct effects of natural disasters on child educational outcomes 
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manifest in a flood’s impact on math scores, and erosion’s impact on PPVT scores. Model 

specification is pertinent, although the FD model, with its added efficiency, is more consistent in 

results. Relating to heterogeneous effects, child gender and household wealth are not differential 

factors. Erosions tend to exacerbate the rural-urban divide, but are largely counteracted by a 

household’s readiness for financial emergencies. Children who work more seemingly benefit from 

both floods and erosions, though the empirical results are suspect due to a small sample size.   

7. Sensitivity Analyses   

 Returning to the main interests of this paper, I proceed with a variety of sensitivity analyses to 

further validate the conclusions made. First, I run a leads test, to ensure that there is no correlation 

between a household’s characteristics and its reported experience with natural disasters. I do so to 

discount possible biases that might arise from the self-reporting of the independent variable.  

 (P)    𝐷𝑖𝑐𝑝𝑡+𝜃 =   𝛼 + 𝑌𝑖𝑐𝑝𝑡 + 𝐶𝑖𝑐𝑝𝑡 + 𝜎𝑖 + 𝛿𝑝𝑡 + 𝜖𝑖𝑐𝑝𝑡  

The equation (P) is a simple OLS formulation with child and province-round FEs. Here, 𝐷𝑖𝑐𝑝𝑡+𝜃 

represents whether or not a child/household reports having experienced a natural disaster in the next 

interim 𝑡 + 𝜃, with the information recorded in the next round of the survey, 𝑡 + 1. The outcome 

variables and controls are all derived from the current round in the survey, 𝑡. In order for the strict 

exogeneity assumption to hold, the respective coefficients should be statistically insignificant, such 

that there is no correlation between any specific child outcome/characteristic and the later reporting 

of a natural disaster. This would suggest that no particular type of child or household tends to 

over/under-report experiences with natural disasters that may bias the results. The results for (P) are 

seen in columns (1) and (2) of Table 13, with regressions for floods and erosions run independently. 

Notably, none of the predicted coefficients carry any statistical significance; this is an encouraging 

outcome, which suggests that most households are responsible in their reporting. Taken in tandem 
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with the fact these disasters are induced by nature, I contend that the exogeneity assumption for the 

independent variables within this study holds.  

 Second, taking inspiration from Rothstein (2010), I run a falsification test to confirm that any 

effects on child outcomes that I previously derived were not random occurrences. Similar to the above, 

the falsification test exploits the use of leads, and substitutes them within the specifications that I have 

confirmed to be the most reliable in Section 6. These are the FD models relating floods to child math 

scores, and erosion to child PPVT scores. I generate two rounds of leads, 𝑡 + 𝜃 and 𝑡 + 1 + 𝜃 and 

run (M) in Section 5 except with the independent variable being determined in the future interim. The 

premise of this test is that future disasters cannot affect a child’s past outcomes.  

(Q)           Δ𝑌𝑖𝑐𝑝𝑡 = 𝛼 + ßΔ𝐷𝑖𝑐𝑝𝑡+𝜃 + Δ𝐶𝑖𝑐𝑝𝑡 + Δ𝑋𝑐𝑝𝑡 + 𝛿𝑝𝑡 + Δ𝜖𝑖𝑐𝑝𝑡  

(R)                     Δ𝑌𝑖𝑐𝑝𝑡 = 𝛼 + ßΔ𝐷𝑖𝑐𝑝𝑡+1+𝜃 + Δ𝐶𝑖𝑐𝑝𝑡 + Δ𝑋𝑐𝑝𝑡 + 𝛿𝑝𝑡 + Δ𝜖𝑖𝑐𝑝𝑡 

Columns (3), (4), and (5) of Table 13 describe the results. Importantly, (R) is invalid for the math 

outcome, as there are only three rounds of data, with the YC children being too young in Round 2 for 

any applicable testing. With an FD model, generating a 2 round lead results in no testable data. 

Fortunately, the results for all three regressions illustrate no statistical significance for the predicted 

coefficients ß. This indicates that the FD model and its effects are only valid for when the use of the 

variables is logical, and not when they are carelessly applied. The above lends strength to the argument 

that the effects derived earlier were authentic and found statistical significance from their causal 

relationship with the outcome variables. Together, the results from the tests predicated on the use of 

leads are encouraging, though it must be underscored that these are negative rather than positive tests. 

What I have done merely shows that the FD model and its results are not invalid. Success in a positive 

test will provide far stronger validation for the effects that I seek to draw conclusions upon.   

 Third, I proceed with a quantitative sub-sample difference-in-differences technique previously 

used by Autor (2003). This alternative methodology is used as positive verification. If the new results 
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commensurate with the effects established in the earlier FD model, it provides reasonable proof that 

my findings were appropriate. I first construct a new set of treatment and control. The former 

comprises children who never experienced a flood except between Rounds 4 and 5, with the 

information recorded in Round 5. The latter consists of children who never experienced a flood across 

all 4 rounds used in this study. I am unable to undertake similar analysis for erosions because of a 

much lower rate of occurrence, which leads to the treatment group comprising only 2 children.  

Controlling for all other observed and unobserved variables, causality toward the outcome variable 

should be cleaner, given that there remains only one exogenous difference between the two groups.  

(T)       𝑌𝑖𝑐𝑝𝑡 =  𝛼 + 𝑇𝑖𝑐𝑝 + ∑ 𝜂𝑗
5
𝑗=3 (𝑇𝑖𝑐𝑝 × 𝑅𝑜𝑢𝑛𝑑𝑡

𝑗
) + 𝐶𝑖𝑐𝑝𝑡 + 𝑋𝑐𝑝𝑡 + 𝜎𝑖 + 𝛿𝑝𝑡 + 𝜖𝑖𝑐𝑝𝑡 

𝑇𝑖𝑐𝑝 is now a dummy variable that adopts a value of 1 for the treatment group. 𝑅𝑜𝑢𝑛𝑑𝑡
𝑗
 represent 

dummies for each round between 3 and 5. Since there are 4 rounds of data, I exclude data from Round 

2 to avoid collinearity and also to utilize it as a baseline. For the limited math scores, data from Round 

3 is discounted instead. Then, 𝜂𝑗 captures the difference in the difference of the outcome variables 

for the treatment group versus the control group in a given round as opposed to the second round.  

 Prior to the onset of a flood, there should be no differences in change of outcomes (𝜂3 and 

𝜂4 should be insignificant), suggesting that both groups were observing parallel trends prior to the 

shock, and that the control group is a suitable counterfactual for the treatment group. If there is indeed 

a treatment effect, 𝜂5 should be statistically significant and ≠ 0, which indicates that the treatment 

group broke from the parallel pre-trend post-treatment, most likely due to the experience of floods 

between Rounds 4 and 5. Following the strict exogeneity assumption, this would be seen as the causal 

effect of a flood on child outcomes. Table 14 shows the empirical results for (T) with Fig. 1-4 

providing visual representations of the confidence intervals. From columns (1) to (4) it is evident that 

there are no statistically significant effects. The corresponding figures also demonstrate that the 



 29 

predicted coefficients across rounds are largely stagnant and are not significantly different from 0 at a 

5% level, regardless of the advent of a flood between rounds 4 and 5 as represented by the vertical 

red line. While this is promising for 𝜂3 and 𝜂4 as it suggests parallel pre-trends, the insignificance of 

𝜂5 indicates that the treatment group did not differ from the control group post-shock, and by 

extension implies that floods have no overall effect on child outcomes. This corresponds with my 

earlier position on health outcomes, but undermines the conclusions drawn for education, and in 

particular, math scores, which are seen to be directly affected by floods in the FD model. A possible 

reason for this discovery is the relatively small treatment sample size of 30. Thus, the differential 

effects of the 30 might be uncharacteristic of a larger population. In contrast, the control group 

comprises more than 1000 children. Nonetheless, the failure to provide validation here must be 

underscored, and the possible bias of concluding solely based on the FD estimators noted.  

 Fourth, adapting Hyder (2015), instead of relying on self-reported idiosyncratic shocks for the 

independent variables, I re-sample (K) with information derived from commune-level informants. 

Under the YL methodology, each commune typically provides 5-15 independent and disinterested 

informants to provide complementary commune-level data. The test is fairly straightforward, and 

simply replaces  𝐷𝑖𝑐𝑝𝑡+𝜃 with 𝐼𝐷𝑐𝑝𝑡−𝜃. This new independent variable captures whether or not 

commune-informants collectively indicate that the commune experienced a natural disaster in the 

interim with the last round. Unfortunately, commune-level information was only recorded for floods, 

and not that of erosion. Hence, I am only able to enact the following two regressions for floods.   

(S)           𝑌𝑖𝑐𝑝𝑡 = 𝛼 + ß𝐼𝐷𝑐𝑝𝑡−𝜃 + 𝐶𝑖𝑐𝑝𝑡 + 𝑋𝑐𝑝𝑡 + 𝜎𝑖 + 𝛿𝑝𝑡 + 𝜖𝑖𝑐𝑝𝑡  

(T)            Δ𝑌𝑖𝑐𝑝𝑡 = 𝛼 + ßΔ𝐼𝐷𝑐𝑝𝑡−𝜃 + Δ𝐶𝑖𝑐𝑝𝑡 + Δ𝑋𝑐𝑝𝑡 + 𝛿𝑝𝑡 + Δ𝜖𝑖𝑐𝑝𝑡 

This test assumes that communes have relatively uniform experiences in terms of floods. There are a 

total of 11,112 communes in Vietnam, making each commune geographically small. In particular, an 

area is only required to have a primary school, health center, post office, and market to be considered 
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a commune. Thus, this would be a reasonable assumption. Even if the actual physical impacts might 

vary slightly between households, spillovers from inter-dependencies within a commune invariably 

affect the children/households. The above test functions as a second positive verification. It is 

simultaneously a sign verification test to counteract biases from self-reporting, and one that provides 

further information that distinguishes between the effects of idiosyncratic and commune-level shocks.  

By looking at the results of regression (S) and (T) in Table 15, three insights can be gleamed. 

First, if I follow the assumption that communes have relatively uniform experiences in terms of floods, 

the statistical insignificance of the coefficients are discouraging for educational outcomes but 

favorable for health outcomes. This insinuates that the earlier findings on education were again, 

particular to the FD child-level specification, and provides no real validation. Second, if I instead reject 

the assumption of relatively uniform experiences, but assume responsible self-reporting, effects 

between community and idiosyncratic shocks can be compared. A key finding from Hyder (2015) is 

that the former tends to hit harder than the latter, simply because poorer communities tend to pool 

risks, and come together to support individuals in times of need. The results here are mixed. By directly 

comparing the economic significance of (T) with (M), (i.e. (5) in Table 15 with (4) in Table 8), it seems 

that commune-level shocks hurt a child’s math scores less but damage the rest of the outcomes more. 

The results here are partial toward Hyder’s conclusion though the lack of statistical significance begets 

care in interpretation. Finally, despite a lack of statistical significance, the results evidently demonstrate 

the greater consistency of the FD versus FE model and ratifies my choice. The former demonstrates 

stable negative coefficients, similar, though not absolutely, in value to those of Section 6. The FE 

results are more contradictory. That the economic value of the FD coefficients do not vary drastically 

with before also suggest that individual self-reporting was largely accurate and responsible.  

The above-mentioned sensitivity analyses fall into two distinct categories. Those based on the 

use of leads were principally employed as negative tests. Consequently, the results support my earlier 
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suppositions, and indicate that there was little bias in self-reporting and no functional defect in the 

FD model. Unfortunately, the positive tests, which tend to hold more weightage in verification of 

effects, are more complex. For health outcomes, the lack of significant results are commensurate with 

my assertion that consumption smoothing a la Friedman’s PIH hypothesis is dominant in child health 

spending. In terms of education, they challenge my earlier findings, implying that the negative effects 

of disasters on child education outcomes via reduced income and the Keynesian AIH were specific to 

the FD methodology and not broadly valid. The fourth test serendipitously confirms the superiority 

of the FD model. However, it is important to highlight that the positive sensitivity analyses were 

challenged by two fundamental issues. The first is a small sample size, whether in the 30 children 

classified as treatment from the 3rd test, or in the 31 communes that were used in the YL study, and 

accordingly the 4th test, which allowed for little comparable variance. Additionally, the positive tests 

lacked critical data on erosions, which I observed to have the most consistent results in its relationship 

with PPVT scores across both FE and FD models. Internalizing the above, the conclusions drawn 

from the positive sensitivity analyses should be provisional and taken cautiously.   

8. Concluding Remarks 

At the household level, the relationship between natural disasters and child outcomes has long 

been contentious. Using data from a unique longitudinal study of childhood poverty in Vietnam, I 

have provided novel insight into effects relevant to the local context. In doing so, I contribute to a 

growing stand of literature that seeks to disentangle complex relationships with micro-data, and also 

seek to bridge the geographic gap to provide accurate information for local policymakers, in order to 

facilitate better targeting. The key findings of this paper are as follows:    

1) Controlling for observed and unobserved differences across entity and entity-specific temporality, 

the FD model predicts that the advent of a flood leads to an average 2.6 pp. decrease in a child’s 

math percentage score, ceteris paribus. This is statistically significant at a 10% level. Similarly, 
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erosions are predicted to decrease a child’s PPVT percentage score by 2.14 pp., with 1% statistical 

significance. The results and their statistical significance are consistent, albeit with minor value 

changes, when both floods and erosion are run together. Economically speaking, the findings are 

significant, representing an approximate 4% reduction in child performance from a 55 pp. mean.  

2) There are unfortunately no statistically significant effects within the FD model linking floods to 

PPVT, and erosions to math scores, although both relationships display negative coefficients.  

3) The FD model also predicts no statistically significant effects linking both health outcomes to the 

two natural disasters. The economic significance is also minute, though all predicted coefficients 

carry negative signs. These suggest that consumption smoothing is salient for health spending.  

4) The FD results affirm the trends demonstrated in the FE model, although with greater efficiency 

due to the serial correlation between error terms. Thus, the use of the FD model, and its 

comparison with the FE results allows us to conclude the above with greater certainty.  

5) Leveraging the statistically significant ATEs as advanced in the first point, further heterogeneity 

analyses is undertaken. The results suggests no differential effects based on gender and household 

wealth. Erosions hurt rural households in particular, but are also easily offset by access to 

emergency finances, implying smaller economic effects. Children who have longer working hours 

surprisingly benefit from both floods and erosions, though the small sample size is suspect.  

6) The results from the negative sensitivity analyses suggest that the strict exogeneity assumption 

which prefaces our results hold. There appears to be no bias in self-reporting and no ostensible 

deficiency in the FD model. Hence, it would be fair to assert the internal validity of the findings.  

7) While the lack of statistical significance amongst the positive sensitivity analyses verifies earlier 

conclusions pertaining to health, they also undermine any earlier findings on education, implying 

sensitivity to model specification. Nonetheless, the small sample size and lack of data on erosions 

in these analyses must be taken into consideration, and the results interpreted prudently. 
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8) On balance, in relation to the theoretical framework, the results indicate that consumption 

smoothing a la the Friedman PIH best explains the lack of impact by natural disasters on child 

health outcomes, while the Keynesian AIH is relevant to child educational outcomes.  

Taken together, it appears that the YL data displays rather tempered linkages between natural disasters 

and children outcomes. This might be because of the frequent exposure to high rainfall in tropical 

countries like Vietnam, which invariably builds greater resilience and encourages the development of 

sustainable coping mechanisms among its population. Thus, consumption smoothing and innate 

disaster resilience work in tandem to counteract potentially larger effects. Still, it must be underscored 

that almost all of the predicted coefficients across the FE and FD models are negative in value, which 

is an important finding in itself, though large standard errors may challenge attempts at statistical 

interpretation. In terms of the effects found hitherto, it is unmistakable that policymakers might be 

better served looking toward child educational rather than health outcomes in times of crisis, of which 

the former, with a long-term return horizon, is seemingly sacrificed before the latter. Doing so via an 

integrated disaster management framework will help Vietnam elevate many of its poorest and prevent 

further loss to human capital accumulation, which is especially important as it grows into a regional 

and global economic power.  

 Alongside the above, there are four key avenues for further research. First, my study looks 

primarily at floods and erosions, which are selected based on the availability of data and their high 

frequency of occurrence in Vietnam. Notably, the YL data does not distinguish between standalone 

floods, and floods that occur together with, or as a consequence of larger disasters, such as typhoons 

which are pertinent to the Vietnamese context. The omission of this information might bias the 

predicted coefficients, though the threat is low, given the relatively low rate of incidence and that the 

provinces under consideration in the YL data are comparatively unaffected (Mah 2018). Nevertheless, 

there is clear value for future research to collate data which distinguishes between the two, as 
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diminishing their conflation might lead to more pronounced and accurate effects. Second, 

methodological improvements can be made with the incorporation of GIS data. In particular, the 

matching of rainfall data at a commune grid level and reflecting deviations from the mean will enable 

far greater accuracy in determining the severity of a flood. This allows for more precise variation than 

the current dummy variable, and also counteracts any potential bias from reporting. Unfortunately, 

the YL team has rejected the release of geo-specific data due to privacy concerns, and together with 

time constraints, has rendered this approach unfeasible for the current study. If future data permits, 

this would be a welcome improvement. Third, while the stratification in sample selection supports the 

external validity of my results for poor households in Vietnam, these might be less applicable in context 

for all households across the wealth strata of the country. Additionally, the over-poor selection bias 

might have caused the largely homogenous results that I have observed. Perhaps further research 

might look to the general Vietnam Household Living Standards Surveys, which would improve the 

within-country external validity of said findings, though it must be highlighted that these are less 

specific to children, and accordingly have limited information on child outcomes. Finally, based on an 

overwhelming consensus amongst past literature, I have attempted to explain the relationship between 

natural disasters and child outcomes via theoretical frameworks underlying consumption behavior.   

To draw an even cleaner causal link with the respective income hypotheses, it might be worthwhile to 

affirm the relationship with the interim mechanisms, including household income, and specific 

consumption expenditure, data on which is lacking here. Categorically, the results of this study are 

foundational. Accounting for both time and data constraints, I have endeavored to bridge the 

geographic and information gap in Vietnam, and provide localized evidence that addresses the often 

disputed relationship between natural disasters and corollary household outcomes. Yet as evidenced, 

there are a number of ways to build on these findings, and only in doing so will there be greater internal 

and external validity most appropriate to the needs of the respective stakeholders. 
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