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Abstract

This paper quantifies cross-country differences in early childhood human capital.

I embed a standard human capital production function into a cross-country model

of human capital investment and labor market outcomes. The model predicts that

only some human capital investment channels generate cross-country differences in

early childhood human capital. I derive an empirical test of the importance of these

channels. The test compares the late-life outcomes of otherwise identical immigrants

who entered the U.S. at age 0 or age 5. I implement this test using the Indochinese

refugees, who immigrated from poor countries during trying times, and for whom

selection is unlikely to bias my results. The empirical results document a striking

fact: there is no difference in late-life outcomes between Indochinese refugees who

arrived at age 0 or age 5. I conclude that cross-country differences in early childhood

human capital are small.
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1 Introduction

One of the central challenges for economists is to explain the large differences in gross do-

mestic product (GDP) per worker across countries. The development accounting literature

provides a partial answer: the quantitative role for physical and human capital is limited,

implying a large role for total factor productivity (TFP).1 Much of the early work in this

literature equates human capital with years of schooling. In this paper I consider whether

allowing for a broader notion of human capital would substantially alter this conclusion.

In particular, my goal is to quantify the role for early childhood human capital, defined as

human capital that is accumulated before school starts (roughly, by age 6). Along the way,

I simultaneously establish evidence on the effectiveness of different types of early childhood

investments.

A key challenge in evaluating the role of early childhood human capital is a lack of

comparable cross-country data. For example, Cunha et al. (2010) and Del Boca et al.

(2012) structurally estimate the human capital production function using U.S. data and

find an important role for early childhood human capital investments. It is not obvious

how to apply their production function outside the U.S. in the absence of comparable data

from other countries. Likewise, an existing literature documents the effectiveness of specific

types of interventions, but again it is difficult to translate these results into cross-country

differences in early childhood human capital (Blau and Currie, 2006; Cunha et al., 2006).

To overcome this challenge I provide new evidence on the late-life outcomes of refugees

who immigrated to the U.S. during early childhood. Natives who grow up and work in

the U.S. are productive in the labor market, but it is difficult to disentangle whether this

productivity is due to human capital formed in early childhood, human capital formed in

school, or other factors such as TFP. On the other hand, the refugees I study have spent part

of their early childhood in a much poorer country before sharing the education system and

labor market conditions of the U.S. with natives. By studying the investments that refugee

families make in their children and the late-life outcomes of the children, I can isolate and

quantify the effect of spending early childhood in a poor instead of a rich country. Since

both natives and refugees are now in the U.S., I can circumvent the difficulty of finding

comparable cross-country data.

To motivate the work, I embed a human capital production function in the spirit of

Cunha et al. (2010) and Del Boca et al. (2012) into a model of human capital investment

and labor market outcomes across countries. Individuals form human capital in two distinct

1See Caselli (2005) for a review of the literature that reaches this conclusion.
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phases of their lives, early childhood and school. The human capital formed in each phase

is affected by the child’s initial level of human capital, the exogenous environment of the

country, and investments made by the child’s family. There are three different types of

investment: the child’s own time; the time of the parents; and goods, which are purchased

in the market. After each individual graduates school they enter the labor force and earn

a wage proportional to their final human capital.

The model predicts that two mechanisms can generate cross-country differences in early

childhood human capital. First, countries that have exogenously better environments will

have higher early childhood human capital. Second, countries with exogenously higher TFP

will have higher early childhood human capital. This latter effect is exactly the one stressed

in previous work by Manuelli and Seshadri (2010) and Erosa et al. (2010): high TFP lowers

the relative price of goods (in terms of wages), which leads families in high-TFP countries

to invest more goods in human capital formation. I then show that cross-country differences

in early childhood human capital are affected only by the magnitude of these two channels.

In particular, I show that cross-country differences are independent of the importance of

own or parental time in the human capital production function. An implication of this

finding is that the effectiveness of early childhood interventions in the U.S. is insufficient

to guarantee that there will be cross-country differences in early childhood human capital.

What is needed is evidence on the importance of two particular channels.

I use the model to derive a test that speaks exactly to this point. The empirical moment

of interest is the difference in late-life outcomes between otherwise similar immigrants who

arrive at the beginning or the end of early childhood (e.g., before their first birthday or at age

5). The model’s predictions are clear. If either or both of the above mechanisms operates,

then older-aged arrivals will have less human capital than otherwise similar immigrants

who arrived at younger ages, because the older-aged arrivals had more exposure to the poor

country. Although parents have the chance to remediate these gaps with investments made

in the U.S., they will not find it optimal to remediate the gaps entirely under fairly general

conditions on the human capital production function. In this case the adult human capital

and wages of immigrants will be declining in their age at arrival. This is the prediction

that I propose to test. The prediction offers two useful features. First, it has a natural

economic interpretation: it captures the marginal cost of spending an additional year in a

poor country instead of the U.S. Second, it is less likely to be biased by selection, because I

am comparing immigrants who arrived to the U.S. at different ages, rather than comparing

natives to immigrants. Hence, my key identifying assumption is that immigrants who arrive

at different ages in early childhood are not selected differently.
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I provide results from this empirical test for a number of immigrant groups, but I focus

mostly on the Indochinese refugees, that is, immigrants from Vietnam, Cambodia, and

Laos in the late 1970s and 1980s. The key advantage of Indochinese refugees is that they

could only control when they fled for a refugee camp; the transit period and wait times in

camps before resettlement were variable and could be quite long. For this reason they are

unlikely to be differentially selected on the age at arrival of their child, even if there were

an underlying motive to do so. Additionally, Indochinese refugees came from demonstrably

poor and disadvantaged backgrounds. GDP per worker in their birth countries was roughly

3 percent of U.S. levels in 1980 (Heston et al., 2011). Refugees also faced an environment

that should have been disastrous for human capital accumulation, having survived the

Vietnam War, the Khmer Rouge, refugee camps, and other hardship. In the face of these

many disadvantages, I find a striking result: there is no relationship between wages and age

at arrival for the Indochinese refugees. This result is robust to the details of the estimation

or sample selection. I show that similar results hold for other outcomes (such as completed

schooling) and other groups of immigrants. Finally, I show that the result is special to

early childhood: a strong relationship between age at arrival and outcomes does emerge,

but only for those who arrive after early childhood.

The model can be consistent with this finding under three different special cases. I then

consider additional evidence from immigrants to the U.S. as well as from the large existing

literature on early childhood human capital formation to discriminate among the three.

Only one special case is consistent with the findings from refugees as well as the structural

estimates of the human capital production function, the evidence from early childhood

interventions, and evidence from children who are exposed to extreme deprivation. The

case of interest requires that market goods and country environment are quantitatively

unimportant in early childhood. This finding is consistent with and supports the recent

results of Del Boca et al. (2012), who find that the importance of goods relative to parental

time rises over the life of the child. A key implication is that cross-country differences in

early childhood human capital are likely to be small, implying that abstracting from this

dimension is innocuous for development accounting exercises.

In addition to the work mentioned above, my paper is related to two other literatures.

First, it joins a growing literature that re-considers the role of human capital in accounting

for cross-country income differences, mostly by taking a broader view of human capital.

Manuelli and Seshadri (2010), Erosa et al. (2010), and Schoellman (2012) study the impor-

tance of education quality in addition to years of schooling. Manuelli and Seshadri (2010),

Erosa et al. (2010), and Lagakos et al. (2012) study the impact of experience and on-the-job
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human capital accumulation. To my knowledge, Manuelli and Seshadri (2010) is the only

previous paper to consider early childhood human capital; they use a calibrated model and

find larger results than I do here. Second, my paper is related to a literature that studies

the effect of age at arrival on immigrant outcomes. Friedberg (1992) first proposed a role

for age at arrival and laid out the assumptions necessary for identification. A number of

papers that have applied this framework to immigrants who arrived as children found small

or no effects of age at arrival on socioeconomic outcomes for those who arrive before age 5,

consistent with my findings (Myers et al., 2009; Lee and Edmonston, 2011; Gonzalez, 2003;

Bleakley and Chin, 2010).

The rest of the paper proceeds as follows. Section 2 describes the model and formulates

its predictions for natives and for immigrants to the U.S. Section 3 presents the empirical

results. Section 4 combines the insights from this paper’s empirical work and the exist-

ing literature to discipline the model and its predictions for cross-country early childhood

human capital differences. Section 5 considers alternative hypotheses for my empirical

findings. Section 6 concludes.

2 A Model of Early Childhood Human Capital

2.1 Human Capital Accumulation and the Labor Market

The model describes the human capital accumulation and labor market decisions of families

in countries i ∈ {1, 2, ..., I}. Within each country there is a continuum of heterogeneous

families consisting of one working adult and one child that is newly born at time 0; I think

of this model as describing the choices of a single birth cohort around the world. There are

two forms of ex-ante heterogeneity in the model. First, children are endowed with some

human capital at birth h0. Second, the parent has exogenously given human capital hp.

The two are drawn from a joint distribution Fi(h0, hp) defined on (0,∞)2. I assume that

the unconditional distribution of h0 is the same across countries. I allow the unconditional

distribution of parental human capital to differ across countries, reflecting prior investment

decisions not modeled here.

Time is continuous and the parent and child are both infinitely lived. Each is endowed

with a single unit of time at each instant. The child’s life is split into three periods: early

childhood, school, and work. Early childhood includes the first five years of the child’s life,

before schooling. School lasts from age 5 until an endogenously chosen graduation date.

After graduation the child joins his or her parent in the labor force and works into the
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infinite future.

The heart of the model is the human capital production function, which explains how

human capital is generated given the family’s endowment (h0, hp), the country i that they

live in, and the investments they make in the child during early childhood and school.

Following the literature, I assume that human capital production occurs in two distinct

stages. Early childhood human capital hc is determined by human capital at birth h0 and

a composite of the investments made during early childhood xc, combined using a CES

production function:

hc =
[
λch

σc
σc−1

0 + (1− λc)x
σc
σc−1
c

] σc
σc−1

. (1)

λc is the weight on human capital at birth and 1−λc the weight on the composite investment,

while σc is the elasticity of substitution between the two.

The composite investment during early childhood depends on three factors. First, it

depends on the exogenous environment of the country zi, which captures for example the

prevalence of diseases or the quality of medical infrastructure. Second, it depends on

investments using market-purchased goods mc, which includes books and vaccines. Finally,

it depends on the inputs provided by the parent, for example by caring for or reading to

the child. The total parental input depends on the time parents spend with their children

pc but also on the quality of that time, which I assume is measured by the parent’s human

capital hp. Given these three inputs, xc is determined using a power function:

xc = zωc1i mωc2
c (hppc)

ωc3 . (2)

The ωc are share parameters that determine the relative importance of the different inputs.

At age 5 children start the second phase of their life, which is formal education. They

remain in school for an endogenously chosen period of time S, graduating at age 5 + S.

Their human capital at graduation is again a function of their human capital at the start

of school hc and the composite investment made during the school years xs:

hs =
[
λsh

σs
σs−1
c + (1− λs)x

σs
σs−1
s

] σs
σs−1

. (3)

λs is the weight on early childhood human capital and 1 − λs the weight on composite

investment, while σs is the elasticity of substitution between the two.

The composite investment during schooling depends on four factors. The first three

are similar to early childhood: country environment zi; market-purchased goods ms; and
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parental inputs hpps. Finally, the human capital also depends on how long children stay in

school, S. The terms are again combined using a power function,

xs = zωs1i mωs2
s (hpps)

ωs3Sωs4 , (4)

where the weights on the various factors are allowed to vary over the life cycle.

The human capital production function in equations (1) – (4) borrows heavily from

the microeconomic literature on early childhood human capital. Two key insights from

that literature will be useful for my empirical approach. First is the importance of the

elasticity parameters σc and σs (Cunha and Heckman, 2007; Cunha et al., 2010). Their role

in this model is to determine the extent to which a disadvantage in the form of low human

capital at birth or low early childhood human capital can be remediated by subsequent

investments. Cunha et al. (2010) estimate that σc > 1 and σs < 1, indicating that it is

relatively easy to remediate low human capital at birth but much more difficult to remediate

low early childhood human capital.2 Second is the importance of allowing for multiple types

of investments and allowing their importance to vary over the life cycle. Del Boca et al.

(2012) estimate that the relative role for market goods and parental inputs changes over

the life cycle. My empirical work below offers further support for this finding and shows

that it has important macroeconomic implications.

I embed the human capital production function into a simple lifetime income maxi-

mization problem. I assume that human capital is fixed after graduation; in the empirical

implementation I study young workers. After graduation, the individual enters the labor

market and works full-time. They are endowed with a linear production technology that

turns the worker’s hs units of human capital into Ai(t)hs units of the single output good,

which can be used for consumption or as the goods inputs in human capital production.

Ai(t) is an exogenous TFP term. I assume that Ai(t) grows at a rate g that is common

across countries, but allow for differences in the initial level of productivity Ai ≡ Ai(0).

Finally, I assume that each family behaves altruistically and that individuals have no

preferences over whether they work or study. In this case, I can focus on the family’s income

maximization problem, and ignore the (trivial) utility maximization problem given optimal

income. Families then choose the duration of schooling for children and the quantity of the

two types of inputs at the two stages of the life cycle to maximize the present discounted

2On the other hand, Cunha et al. (2010) have only one form of investment good and so do not estimate
an intratemporal elasticity of substitution between different types of investment. I have followed Del Boca
et al. (2012) and implicitly restricted the intratemporal elasticity of substitution to be one. While this
elasticity is important for a number of questions of interest, it plays only a minor role here.
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value of lifetime earnings net of the cost of market goods and the foregone earnings of the

parents:

max
mc,ms,pc,ps,S

∫ ∞
5+S

e−rtAi(t)hsdt−mc − e−5rms − Aihppc − Aie5(g−r)hpps (5)

where hs is derived from equations (1) – (4) and r is the exogenous interest rate. Here I

assume that parents purchase all of the market goods and forego all labor earnings at the

start of each of the respective stages of the life cycle, that is, at date 0 for early childhood

and at date 5 for school. This assumption simplifies the discounting of investments without

foregoing any insights.

2.2 Cross-Country Human Capital Differences

In this section I explore the qualitative properties of the model under the special case

σc = σs = 1. In this case the model provides simple closed-form solutions for the investment

and human capital accumulated as a function of the exogenous variables h0, hp, zi, and

Ai. These solutions provide intuition for the key mechanisms of the model. Further, in

this special case the model nests a two-stage Ben-Porath (1967) human capital production

function. This feature is useful because much of the existing cross-country human capital

literature has utilized the Ben-Porath setup, so I can easily compare my findings to theirs

(Manuelli and Seshadri, 2010; Erosa et al., 2010). I return to the more general case below.

I focus here on the properties of the model; the derivations are reserved to Appendix B.

This special case is much easier to solve, but does have one significant drawback, formalized

in Proposition 1:

Proposition 1 The optimally chosen duration of schooling S is independent of the exoge-

nous variables.

Hence the model does not generate a distribution of schooling within or across countries. I

explore this result and how to rid the model of it in Section 2.4.

The parental and market-purchased goods inputs at each stage do scale with exogenous

factors. An advantage of focusing on the isoelastic case is that there are strong equilibrium

relationships among the different inputs that make it straightforward to derive the elasticity

of investments and human capital with respect to the exogenous driving forces, given in

Proposition 2.
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Proposition 2 The elasticity of hs with respect to h0 is
λcλs
1−Ψ

; with respect to zi is
ωc1λs(1−λc)+ωs1(1−λs)

1−Ψ
;

and with respect to Ai is
ωc2λs(1−λc)+ωs2(1−λs)

1−Ψ
, where Ψ ≡ (ωc2+ωc3)λs(1−λc)+(ωs2+ωs3)(1−

λs). The elasticity with respect to hp is 0.

Ψ is the total returns to scale in market-purchased goods and parental inputs. Ψ < 1

(diminishing returns to accumulable factors) is necessary for an interior solution to exist,

and is assumed for the remainder of the paper. Under this condition, hs is generally

increasing in h0, zi, and Ai, unless some of the weights (ω or λ) are set to 0. On the

other hand, hs does not depend on parental human capital hp. This result follows from

the assumption that the parents’ human capital is equally productive when working in the

market or investing in their children. Under this neutrality assumption, parents choose

an optimal level of hpp; parents with higher human capital simply spend less time with

their children. To my knowledge there is no existing research on the relative productivity

of parental human capital at home and in the market. My empirical findings support the

neutrality assumption. Finally, I note that qualitatively similar but algebraically more

complex expressions characterize the elasticity of hc with respect to exogenous factors; I

reserve the exact expressions to the Appendix.

The model allows for differences in human capital within and across countries. The

distribution of human capital within a country is generated by the heterogeneity in human

capital at birth h0. Children who have more human capital at birth enjoy an innate advan-

tage, which is amplified by the endogenous decisions of their families to increase investment.

However, h0 does not contribute to cross-country human capital differences because I have

assumed that the unconditional distribution of h0 is the same across countries.

The remaining two exogenous factors can generate cross-country differences in human

capital. The effect of zi is straightforward: countries that provide better environments for

children have higher average human capital, with the effect again amplified by families’

endogenous decisions to invest more in children in countries with better environments.

Ai provides the TFP multiplier effect that is well-known in the literature (Manuelli and

Seshadri, 2010; Erosa et al., 2010). The logic of the multiplier is that higher Ai lowers

the cost of goods relative to wages. Hence, families in high-TFP countries endogenously

allocate more market goods to their children, which in turn raises average human capital.

The same logic does not apply to investments of parents’ time. The reason is that

investments of parental time trade foregone labor earnings for the parent today against

higher future labor earnings for the child. Higher TFP raises the value of current and

future time proportionately, and so has offsetting changes in the marginal costs and marginal

benefits of parental time inputs. This logic explains why the strength of the TFP multiplier
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depends critically on ωc2 and ωs2: these are the weights on goods in the human capital

production function.

An existing literature has established that investment in early childhood human capital

can affect late-life outcomes. The preceding analysis shows that this fact alone is insufficient

to imply cross-country differences in early childhood human capital. The critical question

is what form effective investments take: are they goods purchased in markets or time spent

by parents with their children? To my knowledge only the work of Del Boca et al. (2012)

is designed to distinguish between these hypotheses. One contribution of this paper is to

provide additional empirical evidence to this debate about which channel matters. Further,

new evidence is still needed on the importance of country environment effects before age 5;

this question is unlikely to be settled by results drawn from a single country. I now show

how empirical evidence from immigrants to the U.S. can be used to address these questions.

2.3 Immigrants and Identification

One goal of this paper is to isolate and quantify the contribution of early childhood human

capital to cross-country income differences. The experience of natives is generally difficult

to use for this purpose. For example, U.S. natives are born into a high-TFP country. The

model predicts that this will lead them to accumulate high average early childhood human

capital because the market goods input will be relatively cheap. But the same effect also

applies while they are in school; and further, TFP directly raises income once they enter the

labor force. This collinearity problem makes it challenging to use the experience of natives

to isolate the importance of early childhood human capital. Similarly, country environment

affects both early childhood and school human capital formation.

In this paper I introduce novel empirical evidence that draws on the experience of

immigrants who arrive to the U.S. from poor countries during early childhood. Intuitively,

these immigrants solve the collinearity problem presented by natives. They spend part or

all of their early childhood in a foreign country with a lower TFP and a worse environment.

Afterwards, they immigrate and then share the environment, TFP, and labor market with

natives. The goal of this section is to show that their post-migration investment decisions

and labor market outcomes can be used to infer the quantitative magnitude of their early

childhood human capital deficit.

To derive the model’s predictions about the behavior and outcomes of immigrants, I

have to take a stand on immigrants’ beliefs about the possibility of immigration and also

on who immigrates. It is useful to start with two strong simplifying assumptions and

then consider the effects of relaxing them. First, I assume that immigration is entirely
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unanticipated. In this case, families in poor countries (with low Ai and zi) make the

optimal investments in their children under the assumption that they will live their entire

lives in their native country. When the child is aa years old, they are unexpectedly moved

to the U.S.; aa denotes age at arrival. At this point I allow the family to re-optimize all

future investments, taking past investments as given. Second, I assume that immigrants

are randomly sampled from their country of origin with respect to the initial heterogeneity

h0.

From the perspective of the model, there are three ages at arrival of interest: aa = 0, 5,

and 5 + S. If immigrants are randomly sampled and arrive to the U.S. at age 0, the model

predicts that they will have the same late-life outcomes as natives, because they share the

same environment as natives for their entire life and are still able to choose all of their

investments. On the other hand, immigrants who arrive at ages 5 and 5 + S have already

made investments before immigrating. Proposition 2 tells us that they will have invested

less and have lower human capital at arrival than natives under fairly general conditions.

Those who arrive at age 5 will re-optimize and choose higher investments while in school

than they would have had they remained in their country of birth. However, Proposition

3 says that their lower early childhood human capital at arrival leads them to have lower

human capital at graduation as well.

Proposition 3 hs is increasing in hc if λs > 0.

Immigrants who arrive at age 5 +S have fixed all their human capital investments at lower

levels. Hence, they have even less human capital as adults than immigrants who arrive at

age 5.

The model predicts that an immigrant’s human capital as an adult is declining in their

age at arrival to the U.S. under fairly general conditions (the relevant weight terms need to

be positive; see Propositions 2 and 3). Under the assumption that labor markets in the U.S.

are competitive, this generates the testable prediction that the adult wages of immigrants

are declining in their age at arrival. The strength of the relationship depends on the role of

country environment and market-purchased goods in production (ωc1, ωs1, ωc2, and ωs2) and

on the role of prior human capital at each stage (λc and λs). It is useful to have an idea of

the quantitative magnitude of the relationship that is implied by typical calibrations in the

literature. To this end, I study a conservative parameterization of a two-stage Ben-Porath
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human capital production function:

hc = m0.25
c ,

hs = m0.25
s (Shc)

0.4.

This parameterization is conservative in three senses: it abstracts from country environment

effects; it puts a low weight on market-purchased goods relative to the literature; and it

puts a low weight on early childhood human capital stocks in the second stage relative to

the literature.3

I simulate a baseline rich economy with AR = 1 and solve for the optimally chosen hsR.

I then calibrate a second poor economy by setting AP so that the endogenously chosen hsP

leads to an income gap between rich and poor of hsPAP/hsR = 0.03, in line with the gap

between the Indochinese countries and the U.S. in 1980. Finally, I simulate the human

capital decisions and wages for natives of both countries, as well as for immigrants who

migrate from the poor to the rich country at the beginning of their life (age 0), after early

childhood (age 5), and immediately following graduation (which I call age 22).

Figure 1 expresses the quantitative predictions of this parameterization in the standard

format that I will utilize for the remainder of the paper. The y-axis gives the log-wage that

an immigrant will earn relative to a native, so that −0.1 indicates a log-wage 0.1 lower than

a native (or a wage roughly 10 percent lower). I plot this wage gap against the age at arrival

along the x-axis. Under the assumption that immigrants are randomly selected, a fairly

conservative parameterization of the model predicts that children who enter after early

childhood will earn 40 percent less than natives, and those who immigrate after graduation

will earn 70 percent less.

However, immigrant-native wage gaps are not the ideal statistic to take to the data.

The reason is that immigrants to the U.S. are likely selected. In this case the empirically

observed gap in wages between immigrants and natives represents the human capital gap

that would obtain given randomly selected immigrants, plus a difficult to quantify bias

that arises from the non-random selection. As an alternative, I propose to use the slope of

the relationship between outcomes and age at arrival in Figure 1. The slope has a natural

economic interpretation: it measures the wage loss that arises from spending an additional

3The parameters required are λc = 0, λs = 1, ωc2 = 0.25, ωs2 = 0.417, and ωs4 = 0.667, with the
remaining ω set to 0. By comparison, Erosa et al. (2010) use an exponent of 0.40 on market goods in the
school period; my value is smaller than naively projecting their value back to the early childhood period.
Manuelli and Seshadri (2010) set the exponent on market goods to 0.70 in early childhood and 0.316
thereafter. I also set r = 0.04 and g = 0.02, although the conclusions are not sensitive to these parameters.
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Figure 1: Model-Predicted Log-Wage Patterns for Immigrants

year in a poor country instead of the U.S. In the current calibration that slope is −0.096

during early childhood, implying a loss of 9.6 percent of wages per year of early childhood

spent in the poor country. The slope is also less likely to be affected by selection. By

construction the slope compares otherwise identical immigrants who differ only in their age

at arrival to the U.S. For selection to bias my results, it would have to be the case that

immigrants who arrive at different ages are systematically selected differently. The absence

of differential selection thus represents my key identifying assumption.

My empirical approach is sufficiently simple that I produce estimates of the relationship

between log-wage and age at arrival for a number of different groups of immigrants. The

slopes can be interpreted as the log-wage cost of an additional year in poor countries as long

as my identifying assumption holds. However, this identifying assumption is difficult to test.

I focus my attention on Indochinese refugees because historical circumstances surrounding

their migration make it extremely unlikely that they were differentially selected.

2.4 Properties of the Generalized Model

The analysis so far has been carried out under the maintained assumption that σc = σs = 1.

Now I consider the properties of the more general model with unconstrained elasticities of

substitution. As noted before, the primary function of these elasticities is to govern the

extent to which low levels of h0 and hc can be remediated through subsequent investments

xc and xs. The value of σc is relatively unimportant for my results because I assume that

13



the unconditional distribution of h0 is the same in all countries. On the other hand, σs

plays an important role.

Empirically, I propose to estimate the relationship between age at arrival and wages for

immigrants from poor countries. This slope is determined by a combination of two factors.

First, it is affected by the human capital gap when the immigrant arrives to the U.S., e.g.,

how far they are behind immigrants who arrived at younger ages. This gap is in turn

a function of cross-country differences in TFP and country environment and the relevant

parameters. Second, it is affected by the extent to which the human capital gap at arrival

can be remediated through post-migration investments, which is exactly the role of σs. To

show the importance of σs, I return to the quantitative predictions of the previous section.

I parameterize the model as before, but deviate by allowing σs to vary. For each value of σs

I choose a new AP to generate the poor-rich income ratio of 0.03, then study the model’s

predictions for the late-life wages of immigrants from the poor country.
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Figure 2: Model-Predicted Log-Wage Patterns for Immigrants

Figure 2 gives the results in the same format as before. The isoelastic case fixes σs = 1

as in the baseline. The inelastic case draws on the work of Cunha et al. (2010), who estimate

σs ≈ 0.5. In this case it is even more difficult for immigrant families to remediate the low

early childhood human capital of their children with investments made after arrival, leading

them to make fewer such investments. Hence, outcomes are even more strongly declining in

age at arrival. On the other hand the elastic case sets σs = 1.5, in which case outcomes are

only weakly declining in age at arrival for those who arrive by age 5. For values of σs > 2,
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the quantitative difference between age 5 and age 0 arrivals is economically small (less than

5 percent of wages) and would be difficult to detect empirically. I note again that such high

substitutability and easy remediation of low early childhood human capital is inconsistent

with the evidence from the literature; I return to this point in Section 4.

An additional reason to consider σs < 1 is that in this case the model produces a non-

degenerate distribution of S within and across countries, with S weakly increasing in zi, zj,

and Ai. Further, if hc is taken as given then S is weakly increasing in hc. Thus, under the

inelastic case, the model also predicts that school attainment is decreasing in age at arrival

for immigrants. This prediction is useful because unlike other human capital investments,

the years of completed schooling are easily observable.

In summary, the model suggests two empirical moments that are useful for measuring

cross-country differences in early childhood human capital. The first is the correlation

between adult wages and age at arrival; the second is the correlation between completed

years of schooling and age at arrival. These two slope moments allow me to gauge the

disadvantage of a year spent abroad instead of in the U.S. and to parameterize the model.

In the next section I estimate these relationships and show that the slope is essentially zero

for each.

3 Empirical Implementation

The model of the previous section allows for cross-country differences in early childhood

human capital driven by underlying differences in TFP or country environment. The key

idea of this paper is to isolate and quantify these forces by using the experience of young

children who migrate from poor countries to the U.S. I focus on the U.S. so that I can

exploit the large quantity of data on immigrants in the U.S. population censuses, both in

terms of sample size and also in terms of available information. While I will present results

for immigrants from many poor countries I focus my attention on results for Indochinese

refugees. The Indochinese refugees offer three key benefits: they are a large subsample of

immigrants; they immigrated from poor countries during trying times, and were demonstra-

bly disadvantaged at arrival; and the historical circumstances of their immigration makes

it unlikely that they were differentially selected, which is key to my identification strategy.

I now give a brief overview of the Indochinese refugees and explain these benefits in more

detail.
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3.1 The Indochinese Refugees

The Indochinese refugees are former citizens of Vietnam, Cambodia, and Laos who fled their

home country in response to Communist takeovers. In all, roughly three million citizens

escaped to neighboring countries by land or by boat (United Nations High Commissioner

for Refugees, 2001). 1.4 million of those who fled spent time in refugee camps, and 1.3

million refugees were permanently resettled to new homes in countries around the world.

The U.S. was the most common destination, accepting over 800,000 Indochinese refugees;

it is these refugees who I use for my empirical analysis.4

It is useful to distinguish two waves of refugees. The first wave consisted of those with

close political or military connections to the previous, non-Communist regimes or the U.S.,

most notably the 130,000 people flown out of Saigon in the final days before the U.S.

withdrew from South Vietnam (Hung and Haines, 1996). These immigrants were highly

selected and had relatively short transit periods before resettlement in the U.S. I exclude

these immigrants from my analysis in order to focus on those who were less selected and

who had more typical refugee experiences.

Subsequent refugees generally faced significant hardship before resettlement. In their

home country they were exposed to politically and ethnically motivated persecution, vio-

lence, and economic hardship (Robinson, 1998). For example, the rise of the Khmer Rouge

in Cambodia meant a switch to an extreme, agriculturally oriented form of Marxism that

brought widespread famine, while at the same time the Khmer Rouge killed an estimated

20 percent of the Cambodian population directly (Robinson, 1998). Those who decided

to flee faced a difficult and unpredictable transit period by land or by boat. Violence and

piracy en route were common, as were delays or “push-backs” of refugees by the coun-

tries of attempted refuge. Those who reached refugee camps faced crowded and unpleasant

conditions. Camps for the Khmer in Thailand were particularly notable for shortages of

food, poor sanitation, and inadequate medical staff and treatment (United States General

Accounting Office, 1980; Robinson, 1998). Because of unpredictable and changing policies,

refugees spent anywhere from a few months to years in camps; indeed, some were ultimately

repatriated to their home country rather than resettled abroad.

I focus my work on the Indochinese refugees for three primary reasons. First, the

Indochinese refugees were one of the largest refugee flows to enter the U.S., second only to

the Cuban refugees. Further, the Indochinese refugees were young, with a median age less

4Other countries took many fewer refugees; only France, Australia, or Canada resettled even 25,000. I
was able to construct results (available upon request) for Canada that show the same pattern as in the
U.S., but with much less precision because of the small sample size. All resettlement figures are taken from
United Nations High Commissioner for Refugees (2001).
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than 20 (Haines, 2010). These two facts together imply that I can construct a large sample

of Indochinese refugees who entered the U.S. as young children.

The second reason I focus on the Indochinese refugees is that there exists a general

perception that refugees are less selected than other immigrants and that the Indochinese

refugees are less selected than other refugees. Minimizing selection is useful for two reasons.

First, my goal is to study children who experienced dramatic changes in their family income

and environment. If immigrant families are highly selected, then immigration may not

change the family’s income or environment that much. I review the available evidence on

the selection of Indochinese refugees in Appendix A. That evidence suggests that refugees

were selected to a modest extent, but not so strongly as to undo the intent of the experiment.

For example, roughly one-quarter of refugee parents reported no education at all, and

roughly one-half of refugees spoke no English at the time of arrival. The second reason that

minimizing selection is useful is that my identification strategy relies on the assumption

that immigrants are not differentially selected in age at arrival. Two historical features of

Indochinese refugees make this form of selection particularly unlikely, even if there were

an underlying reason why families might want to select in this manner. First, Indochinese

refugees had only loose control over when they would be resettled. They could choose when

to flee their home country, but they faced substantial variation in both transit time to the

refugee camp and how long it took them to be resettled out of the refugee camp. These

delays were largely determined by the policies of the countries of refuge and resettlement

and were outside the control of the refugee families. Second, the typical Indochinese family

was large. Using the 1990 U.S. Population Census, I document that the average Indochinese

family with any children had three children who were born abroad. In this case, it is not

even clear what it means for the family to be selected based on the age of “the” child.

The final reason I focus on the Indochinese refugees is that there is ample evidence that

they were disadvantaged in numerous ways. They immigrated from countries that were

much poorer than the U.S.: PPP GDP per worker was roughly 3 percent of U.S. levels

in 1980, and did not exceed 5 percent of U.S. levels from the start of the data in 1970

until 2005 (Heston et al., 2011). Given their background, one might expect them also to

have low zi from exposure to war, violence, food shortages, and other forms of hardship.

Doctors and psychologists in the U.S. who cared for refugee children conducted assessments

that quantified their disadvantaged status. Groups of refugee children tested around the

country consistently averaged between the 5th and 25th percentiles in height-for-age and

weight-for-age, with a greatly elevated number scoring below the 5th percentile (Dewey et

al., 1986; Barry et al., 1983; Peck et al., 1981). Follow-up studies showed that the gap in
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height-for-age did not diminish with time in the U.S. (Dewey et al., 1986). Indochinese

children suffered from tuberculosis, hepatitis B, malaria, and intestinal parasites at rates

more than an order of magnitude higher than the general U.S. population (United States

General Accounting Office, 1982; Barry et al., 1983; Goldenring et al., 1982).5 Likewise,

psychological studies indicated the presence of post-traumatic stress disorder, depression,

and other mental illnesses, with some persistence in follow-up studies six years later (Lustig

et al., 2004; Sack et al., 1993).

In short, the ideal model experiment would be to move unexpectedly a large number

of randomly chosen young children from a poor country to the U.S., allow them to re-

optimize their behavior, and study their choices and outcomes. The Indochinese refugees

fit this description well.

3.2 Benchmark Results

To estimate outcomes for the child refugees, I combine data from the 2000 Population

Census and the 2005–2010 American Community Surveys (ACSs), available online through

Ruggles et al. (2010). When combined, these datasets provide a large sample with fairly

consistent variables and responses. I identify Indochinese refugees as those born in Vietnam,

Cambodia, or Laos and who immigrated to the U.S. during the years of heavy refugee

flows.6 Although the Census does not have a variable that separately identifies refugees,

independent sources indicate that essentially all immigrants arriving from these countries

during these years were refugees (U.S. Immigration and Naturalization Service, 1980–2000).

I construct age at arrival using the year the data were collected, the respondent’s age at

that time, and the year of immigration. For the baseline analysis I limit the sample to

those who immigrated by age 5. I estimate and present results separately for each of the

five main ethnic groups of Indochinese refugees (Chinese, Vietnamese, Cambodian, Hmong,

and Laotian) so that composition effects do not drive my results. Results from alternative

decompositions are similar and are reserved to Appendix D.1. I also include natives in the

sample.

5All refugees were supposed to be screened for the presence of contagious diseases and certain other
mental or physical conditions before admission to the U.S. However, a report by the General Accounting
Office documented that as of 1981 the required examinations were cursory (lasting roughly 20 seconds per
person); that children under 15 were not routinely screened; and that the results of examinations did not
play a part in admissions decisions. The report led to stricter screening after it was issued. I explore this
change in policy further in Appendix D.1.

6For Vietnam, the years are 1976–1990; for Cambodia, 1976–1994; and for Laos, 1976–1996. These
cutoff dates were chosen to include the years of highest refugee flows, and to exclude later years when
refugees began to make up less than 50 percent of immigrants.
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I use two different outcomes in the main analysis. The first is the wages of refugees.

For this outcome I restrict the sample to include only those workers who would typically

be used in a wage regression: those aged 23–65, not enrolled in school, who work for wages,

usually work at least 30 hours a week and worked at least 30 weeks the previous year, have

between 0 and 40 years of potential experience, and report positive wage and salary income

the previous year. I construct hourly wage as annual wage and salary income divided by the

product of hours worked per week and weeks worked in the previous year.7 I then regress

log(W ) = βX +
∑
a

αada +
∑
y

ωydy +
∑
aa

φaadaa + ε, (6)

where W is the constructed wage and X is a vector of control variables that consists of state

of residence and gender. da is a dummy taking the value of 1 if the person’s age is a, while

dy and daa are dummy variables for the year of the dataset and age at arrival. Greek letters

denote the corresponding coefficients. I show in Appendix C that the coefficients on age at

arrival are identified, even in a more general model that allows for cohort or assimilation

effects.
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Figure 3: Log-Wages by Age at Arrival

Figure 3 plots the estimated coefficients on age at arrival φaa as a function of age

at arrival, as well as the 95 percent confidence interval. Given the regression equation

7From 2008 onward, weeks worked is reported in categories. I use the 2007 ACS data to estimate the
mean value of weeks worked within each category, and apply this to the 2008–2010 ACSs.
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(6), these coefficients can be interpreted as the marginal difference in log-wages between

an immigrant who arrived at age aa and a native with the same age, gender, and state of

residence. In other words, it is exactly the empirical analogue to the model-generated figure

1. However, the empirical findings contrast sharply with the model-generated results. The

critical empirical finding is that the slope of the line is consistently estimated to be zero:

there is no trend relationship between age at arrival and wages as an adult for Indochinese

refugees.

As a second outcome I investigate the years of completed schooling . For this outcome,

I limit the sample to those ages 23–65 who are no longer enrolled in school. I transform the

provided educational attainment variable into years of schooling in the usual way. I then

regress the years of schooling on the same set of control variables as in equation (6). Figure

4 again plots the coefficients φaa against the age at arrival aa. The same basic finding

obtains: there is no trend relationship between age at arrival and completed schooling for

Indochinese refugees.
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Figure 4: Years of Schooling by Age at Arrival

These are the benchmark empirical results of the paper. In Appendix D.2 I show

that similar results hold for a number of other socioeconomic outcomes. A similar picture

emerges if we look at probability of being employed or incarcerated: small to no level

differences as compared to natives, and no trend in age at arrival. The same patterns apply

if I use earnings instead of wages or if I use probability of graduating college instead of

years of schooling. I also study the outcomes for refugees who live outside areas of high
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ethnic concentration defined in several ways and find similar patterns.
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(b) Years of Schooling

Figure 5: Outcomes by Age at Arrival for Older Ages

Finally, I want to emphasize that the results from early childhood are special. Figure 5

shows the patterns of log-wages and years of schooling by age at arrival for those arriving

between ages 0 and 22. It shows that a pronounced negative trend in outcomes begins

somewhere between age 5 and 10, with the exact turning point varying somewhat by eth-

nicity and outcome. For those who arrive at age 22 the effects are quantitatively large:

they have 5–10 fewer years of schooling and 30–60 percent lower wages than refugees who

arrive in early childhood. Hence, the lack of a pattern for refugees who arrive during early

childhood is different from the pattern shown for those who arrive afterwards.

3.3 Other Immigrant Groups

As I emphasized above, Indochinese refugees are particularly useful because they offer a

large sample size, poor backgrounds, and diminished concerns about selection. Most impor-

tantly, historical circumstances make it implausible that they were differentially selected.

On the other hand it may be that this form of differential selection (on the age of the young

child) is itself implausible. In this case, findings from other groups offer useful additional

empirical evidence. In any case, it is useful to know the patterns for immigrants from other

countries. Here, I focus on four such groups.

First, I collect a sample of refugees who arrived as children from Afghanistan and

Ethiopia; although these countries were quite poor, there were fewer immigrants and their
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parents are generally considered to have been more selected.8 Since my strategy is to look

at the late-life outcomes of refugees who entered as children, these are the most recent

groups of poor-country refugees that I can study; more recent groups such as the Somali

or Bosnian refugees are not old enough yet for my analysis. The second group is Cuban

immigrants. Cuba is much richer than Vietnam, Cambodia, or Laos, but still only one-

fourth as productive as the U.S. on a PPP GDP p.w. basis in 2005; further, a substantial

number of Cubans entered the U.S. I make no effort to disentangle Cuban refugees from

other immigrants (such as family reunification cases). The third group is all immigrants

from countries with 2005 PPP GDP p.w. less than 5 percent of the U.S.9 These immigrants

come from poor countries with worse environments for human capital formation, but are

likely to be quite selected. Finally, I study immigrants from Mexico.
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Figure 6: Log-Wages by Age at Arrival for Other Immigrant Groups

Figure 6 shows the results for the log-wage patterns by age at arrival for these four

groups. Although each is less ideal than the baseline sample, they confirm the same pattern:

there is no trend in log-wages by age at arrival up to age 5. Similar results obtain for

schooling and are available upon request.

8I use immigrants who entered between 1980 and 1993 in my sample, which were generally years of high
refugee flows (U.S. Immigration and Naturalization Service, 1980–2000).

9The countries distinguished in the Census and so included in my sample are: Haiti, Bangladesh, Nepal,
Ghana, Guinea, Liberia, Senegal, Sierra Leone, Kenya, Somalia, Tanzania, Uganda, Zimbabwe, and Eritrea.
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4 Implications for Model and Cross-Country Income

Differences

The previous section established a robust empirical fact: late-life outcomes of child refugees

are uncorrelated with age at arrival for those who arrive by age 5. This fact contradicts

the generic prediction of the model from Section 2. It may also appear to contradict the

conventional wisdom that “early childhood human capital matters”. In this section I show

how to reconcile the model with both my empirical findings and those of the literature.

I also show that the model which is capable of fitting both my findings and those of the

literature makes a sharp prediction: early childhood human capital differs little across

countries.

4.1 Reconciling the Model to the Data

Generically, the model predicts that wages are declining in age at arrival (Propositions 2

and 3). The next natural question is whether the model can generate the flat relationship

between wages and age at arrival. It can for three different special cases of parameters:

• Case 1: ωc1 = ωc2 = 0. In this case country environment and market goods are

unimportant for the production of early childhood human capital. Since these are the

channels that generate cross-country differences, the implication is that there are no

cross-country differences in early childhood human capital.

• Case 2: λs = 0. In this case there may be cross-country differences in early childhood

human capital but they are irrelevant for late-life outcomes.

• Case 3: σs =∞. In this case poor countries have a deficit in early childhood human

capital. However, these deficits can easily be remediated by young immigrants through

investments made while they are in schooling. In practice, σs > 2 generates levels of

remediation large enough to generate nearly flat profiles of wages in age at arrival.

It is important to differentiate between these three cases because they have very different

implications for human capital production functions and also for cross-country differences

in early childhood human capital. The experience of refugees provides one additional piece

of information, which is that years of completed schooling are also uncorrelated with age

at arrival. This is inconsistent with case 3 because if σs > 1 then years of completed

schooling should be increasing in age at arrival as immigrants work to remediate their
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presumed deficit in human capital at arrival. This is the only additional evidence provided

by comparing the predictions of the model to the empirical results derived from immigrants.

To dig deeper into this matter, I turn to the available evidence from the existing literature

on early childhood human capital.

4.2 Other Evidence on Early Childhood Human Capital

The existing literature on early childhood human capital provides substantial evidence on

the question at hand. The relevant literature comes in three strands. First, Cunha et

al. (2010) and Del Boca et al. (2012) structurally estimate the human capital production

function. As was mentioned before, Cunha et al. (2010) find σs ≈ 0.5, inconsistent with

high values of the elasticity of substitution. They also find a large role for early childhood

human capital in the determination of subsequent outcomes, inconsistent with λs = 0. On

the other hand, they estimate a human capital production function with only one composite

investment good, so they cannot speak to the relative importance of different inputs. Del

Boca et al. (2012) provide evidence on exactly this final point. They estimate the relative

importance of market goods and time spent with children over the life cycle. They find

that the importance of time spent with children is relatively high in early years and declines

with age, while the opposite pattern prevails for market-purchased goods. This evidence

can be thought of as supporting a large ratio ωc3/ωc2 and a lower ratio ωs3/ωs2; my findings

are consistent with this but even stronger. Their estimates also support a role for early

childhood human capital investments in affecting late-life outcomes, again inconsistent with

λs = 0. However, they constrain σs = 1 and hence provide no information on this point.

A second strand of the literature draws on evaluations of early childhood interventions

with experimental designs. Many of these studies focus on remedial preschool programs

such as the Carolina Abercederian or Perry Preschool programs. Cunha et al. (2006) and

Blau and Currie (2006) provide reviews of the structure and effects of these programs. The

basic design is to provide a preschool-type program for the children paired with home visits

that target the parents. These programs consistently have an impact on late-life outcomes,

including test scores, grade retention, high school graduation rates, and college start rates.

The longest-lasting survey, the Perry Preschool Experiment, has now run for long enough

to verify higher earnings for participants in adulthood. This evidence adds further support

to the restriction λs > 0.

Finally, a third strand of the literature studies the effects of extreme deprivation on

early childhood development. This strand is the closest in spirit to my paper. Within it,

there exists one set of studies nearly identical to my own, following the development of
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Romanian orphans. A combination of pro-natalist policies and economic stagnation under

Ceauşescu led parents to abandon large numbers of children to state-owned orphanages

in Communist Romania. Conditions in the orphanages were dire: children were mostly

confined to cots, given few toys, spoken to or allowed to play rarely, and fed primarily

gruel. When Ceauşescu’s regime fell in 1989, some of these orphans were adopted abroad.

Thus, Romanian orphans provide a natural experiment of children who leave behind a poor

country with a damaging environment that is very similar to my own.

A team of researchers has intensively studied the ongoing progress of a sample of Roma-

nian orphans adopted into Britain (Rutter and The English and Romanian Adoptees (ERA)

study team, 1998; O’Connor et al., 2000; Beckett et al., 2006, 2010). To date they have com-

pleted surveys of the orphans at ages 4, 6, 11, and 15. Critically, they compare outcomes for

British-born versus Romanian-born orphans, but also for Romanian-born orphans adopted

in different age groups (<6 months; 6–24 months; and 24–42 months). Hence, they analyze

the same relationship between outcomes and age at arrival as I do. Their most striking

result is a consistent, negative relationship between age at arrival and outcomes, exactly

the opposite of my finding. Romanian orphans who arrive before they are six months old

do as well as British-born adoptees and better than Romanian orphans who are adopted at

older ages. They also find smaller and less persistent differences between those who were

adopted at 6–24 months and those who were adopted at 24–42 months, with the former

sometimes doing better and sometimes roughly the same.

The experience of the Romanian orphans suggests both that early childhood human cap-

ital matters for late-life outcomes (λs > 0) and that it is difficult to intermediate deficits

in early childhood human capital that have developed as little as six months after birth

(σs < 1). The most revealing finding is that Romanian orphans showed a strong rela-

tionship between late-life outcomes and age at arrival, unlike refugees. The difference is

that Romanian orphans received dramatic upgrades in their parental input (hppc), trading

essentially no parental input in the orphanages for the inputs of their adoptive parents in

Britain. On the other hand, 95 percent of Indochinese refugees in my sample migrated with

their parents and so had similar parental inputs before and after migration.10 Thus, the

critical distinction between the refugees and Romanian orphans is that the refugees only

changed their country environment and labor market productivity, zi and Ai, while the

10To verify this point I use the 1990 U.S. Census, which captures the household structure of the In-
dochinese refugees when they were young enough to be living in a household headed by someone else. I
construct a sample of those who immigrated during the appropriate years and were five years old or younger
at arrival, equivalent to the sample that I used for wage regressions in 2000–2010. I find that 95 percent of
the sample was living with at least one biological parent; the majority of the remaining five percent were
living with someone else of the same ethnic group.
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Romanian orphans also changed their parental input hpp.

4.3 Interpretation and Implications

In Section 4.1, I proposed three special cases of the model that were capable of replicat-

ing the data. Evidence drawn from the experience of refugees in the U.S. as well as the

existing literature on early childhood human capital suggests that two of these three cases

have counterfactual implications. There is substantial evidence that early childhood human

capital affects late-life outcomes, including the results of structural estimation of the hu-

man capital production function, the results of early childhood interventions such as Perry

Preschool, and the experiences of Romanian orphans. In this case I can rule out Case 2

(λs = 0). Likewise, there is substantial evidence suggesting that early childhood human

capital deficits are difficult to remediate, including again structural estimates and particu-

larly the experiences of Romanian orphans who were adopted before or after six months of

age. In this case I can rule out Case 3 (σs = ∞). On the other hand, all of the evidence

considered so far is consistent with Case 1 (ωc1 = ωc2 = 0).

It is important to re-iterate that Case 1 does not imply that early childhood human

capital does not matter. Rather, it constrains the channels through which it can matter.

In particular, it says that the effect of country environment and market goods are small

in early childhood. There can still be a rich distribution of early childhood human capital

within each country, driven for example by differences in human capital at birth h0 and

amplified by investments in the form of parental inputs hppc. Further, it can still be the

case that intervention-based changes of parental inputs have large effects (as long as ωc3 >

0). For example, many of the existing interventions involve sending children to preschool

programs; this can be thought of as implicitly substituting the time of qualified educational

professionals for the time of parents. However, the average early childhood human capital

will be the same across countries, leading to the conclusion that early childhood human

capital is not important for understanding cross-country income differences.

The paper has less to say about human capital formation during the school years. It

does document that there is a strong negative relationship between age at arrival and

late-life outcomes for refugees who arrive after roughly age 8. This empirical finding is

consistent with a number of alternative theories, but does not provide a convincing way

to test among competing theories. Within the framework of the model, this negative

relationship is consistent with a role for market-purchased goods after early childhood, as

was previously found by Manuelli and Seshadri (2010) and Erosa et al. (2010). Likewise, it

is consistent with the finding of Del Boca et al. (2012) that the the importance of market-

26



purchased goods in human capital production rises over the life cycle. On the other hand, it

is also consistent with important country environment effects after age 5. In a broader sense,

a negative relationship after age 5 is also consistent with the view that refugees immigrated

from countries with low education quality and hence will have less human capital after age 5

even if they remain enrolled in school (Schoellman, 2012). The fact that the negative slope

often seems to start around age 8 or so also matches with the well-known decline in cognitive

plasticity and particularly in language formation skills (Lenneberg, 1967). Bleakley and

Chin (2010) previously showed that there is a similar pattern between age at arrival and

English-language ability: a weak relationship up until around age 8 or so, then a negative

relationship for those who arrive at older ages. Again I reiterate that the empirical findings

are consistent with all of these theories but cannot distinguish between them.

5 Alternative Explanations

The main empirical finding of the paper is that there is no trend relationship between late-

life outcomes and age at arrival for immigrants who arrive to the U.S. by age 5. The baseline

interpretation of this fact is that goods inputs and country environment matter little for

early childhood human capital formation, which implies small cross-country differences in

early childhood human capital. In this section I consider three alternative explanations.

First, I allow for immigration to be an anticipated event, contrary to the simplifying as-

sumption in the baseline model. Second, I consider whether “overinvestment” by immigrant

parents in their children can explain my findings. Finally, I consider whether measurement

error provides a plausible alternative explanation.

5.1 Anticipated Immigration

In the baseline model I treat immigration as an unanticipated, one-off event. For the early

waves of the Indochinese refugees this is probably the natural assumption, because the

possibility of immigrating from these countries before the U.S. started accepting refugees

was trivial. For example, over the entire 1960s the U.S. accepted 1200 immigrants from

Cambodia, 100 from Laos, and 4600 from Vietnam. These figures were minuscule compared

either to the 3.3 million immigrants the U.S. accepted that decade or the nearly 50 million

person population of the three countries in 1965 (Population Division of the Department

of Economic and Social Affairs of the United Nations Secretariat, 2011). However, the

Indochinese refugee flows were protracted, and the consensus is that during the 1980s In-
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dochinese citizens became aware of a significant probability of third-country resettlement

for refugees. The relevant question is: to what extent does that change the model’s pre-

dictions about the relationship between age at arrival and late-life outcomes? The main

concern is that forward-looking parents may have anticipated resettlement and invested

heavily in their young children, which could help explain the lack of a strong relationship

between late-life outcomes and age at arrival.

This hypothesis is logically consistent in the context of the model. If parents view

immigration as a lottery with some probability of resettlement then they will alter their

investments in their children accordingly. The strength of this effect depends on how well

parents can predict resettlement and the parameterization of the model. As an extreme

example, I consider the parameterization from section 2.3 and figure 1, but allow refugees to

perfectly predict their future resettlement. Under this change in beliefs, the model predicts

that future migrant families invest as much in their children as native families. After

resettlement, the model predicts that refugees would have the same late-life outcomes as

natives, with no relationship between age at arrival and late-life outcomes. In other words,

allowing refugees to perfectly anticipate their resettlement generates predictions consistent

with the data.

There are at least four reasons to be skeptical of this extreme case. First, the probability

of resettlement was much lower than this calculation suggests. As was mentioned earlier,

less than half of those who fled their country of birth during this period were resettled

abroad. If I impute this probability as a lottery to all refugees, then the model’s predicted

negative relationship between late-life outcomes and age at arrival is qualitatively restored.

Generating a lack of relationship between age at arrival and outcomes relies on all refugees

anticipating perfectly their immigration from birth.

A second reason to be skeptical of this extreme case is that it requires implausible

expenditures for the necessary early childhood investments. For example, the U.S. De-

partment of Agriculture produces an annual report that estimates the expenditures of U.S.

families on their children (Lino, 2010). They also report a number of estimates from other

sources. The lowest estimate from any source in the 2010 report is that families spend

21 percent of their budget on a child. To make this calculation conservative, I focus my

attention on expenditures on food, health care, child care, and education, which comprise

about 40 percent of the total spending on children, or a little more than 8 percent of the

family’s expenditures. Given the 33:1 income difference between the U.S. and Indochinese

countries, the implication is that future refugee families would have to spend about 250

percent of their annual income per child to match U.S. spending levels. It is difficult to see
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how families could have borrowed or spent this much, particularly in the context of refugee

camps.

A third reason to be skeptical of this extreme case is that there is substantial evidence

documented in the previous section that refugee children were disadvantaged at the time of

entry relative to native-born children. Finally, a fourth reason is that evidence presented

in Appendix D.1 shows that the patterns for those who arrived before or after 1981 are

roughly similar, despite the fact that earlier refugees must have known much less about

how and where they could be resettled. In sum, allowing immigration to be anticipated

changes the quantitative predictions of the model by flattening the predicted relationship

between late-life outcomes and age at arrival. However, for anticipated immigration to

explain my findings entirely would require both an implausible amount of foresight on the

part of refugee families and extraordinary borrowing and spending power while in their

country of birth or refugee camps. Further, it would seem to contradict the health and

well-being measures of refugees taken shortly after their arrival and the experiences of early

and late-arriving refugees.

5.2 Immigrant Overinvestment

My empirical findings relate to a growing literature on the outcomes for young first-

generation and second-generation immigrants in the U.S. It is commonly held that immi-

grants invest heavily in their young children and that their children fare well in the U.S. The

evidence is actually somewhat mixed; for example, Chiswick and DebBurman (2004) find

that second-generation immigrants have higher levels of schooling than any other group, but

Borjas (2006) finds that wage convergence for second-generation immigrants is incomplete.

Nonetheless, given that this hypothesis is so common, I explore whether “overinvestment”

by immigrant parents in their young children can explain my findings.

First, I note that high levels of investment by immigrants do not necessarily affect my

empirical findings because I compare immigrants who arrive at different ages, not immi-

grants and natives. For parental investment patterns to explain away my findings it would

need to be the case that immigrants who arrive at older ages have less human capital at

arrival, but that their parents invest more in them, thus closing the human capital gap with

immigrants who arrive at early ages. This pattern is inconsistent with the model because

low human capital at arrival lowers the marginal productivity of all future investments. In

the context of the model, parents of such children actually choose to invest less, not more,

in their children.

I also provide empirical evidence on this hypothesis. To do so, I return to the 1990
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U.S. Census, where I could link the Indochinese child refugees to their families.11 Using

this sample, I test whether there is a correlation between age at arrival for the child and

observable family attributes such as family income or parental English-language ability.

Differences in outcomes could arise if there was differential selection in age at arrival (despite

the historical evidence that it was unlikely); or if parents of late-arriving children make

systematically different choices in how to allocate their time between investing in their

children and the labor market. It is not necessarily clear which direction of correlation

would be more worrying. A positive correlation indicates that parents of late-arriving

children have more education, speak English better, or earn more, and can provide more

financial resources to their children. On the other hand, a negative correlation could indicate

that parents are foregoing the labor market and investments in their own human capital in

favor of investing more in their children.

To implement the test I use a host of family attributes: family income; hourly wage of

the mother or father; education of the mother or father, measured several ways; and English

language ability of the mother or father. For four of the five ethnic groups I find that there

is no strong relationship between family characteristics and age at arrival. By this I mean

that the correlation is not statistically significant and is as likely to be negative as positive.

For ethnic Vietnamese immigrants I find that the estimated coefficients are more likely to

be positive than negative, and four of the estimated coefficients (family income, father’s

hourly wage and years of schooling, and mother’s English language ability) are statistically

significant at conventional levels. Hence, for four of the five ethnic groups there is not

much room for a story of differential selection or differences in investment patterns by age

at arrival of the children. For the fifth group I cannot rule such hypotheses out definitively.

5.3 Measurement Error in Age at Arrival

A final alternative explanation for my empirical findings is that refugees may not accu-

rately report their arrival year, which I use to construct age at arrival. It is well-known

that measurement error in the right-hand side variable tends to attenuate the estimated

coefficient, so if arrival year is measured with sufficient noise then this could explain my

findings. This is potentially important given the existing evidence that year of arrival may

not be well-measured (Lubotzky, 2007). However, this evidence is unlikely to play a sig-

nificant role for my findings. First, the major problem documented in Lubotzky (2007) is

that the standard question on year of arrival is not well-designed to capture the experience

11I can connect 87 percent to their biological mother and 81 percent to their biological father.
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of immigrants who enter and exit the U.S. multiple times for extended spells. This issue is

unlikely to apply to refugees. Second, while refugees might have some recall bias for their

year of immigration, the required magnitude of this bias is extraordinarily large for such

an important event in their lives.

To quantify this point, I return to the parameterized model of section 2.3, which makes

predictions about the log-wages of refugees who arrive at age 0 and age 5. If I regressed

log-wage on age at arrival in that parameterized model, I would find a coefficient of −0.096,

or a wage decline of roughly 10 percent per year. I then simulate measurement error in

that model and run the same regression. I assume that measurement error takes a simple

form: a fraction π of each arrival group (age 0 or age 5) misreports that they are in the

other group. In this case, π = 0 means no measurement error, and π = 0.5 implies that

reported age at arrival is pure noise. I find that to cut the estimated coefficient in half - to

−0.048 - would require π ≈ 0.25, so that half of the observed signals are noise. It would

take π = 0.43 to generate a coefficient greater than −0.01, which would be difficult to

distinguish from zero in the data. I conclude that measurement error is unlikely to explain

my findings.

6 Conclusion

This paper used the adult outcomes of refugees who arrived to the U.S. in early childhood to

quantify cross-country differences in early childhood human capital. It embedded a human

capital production function in line with the literature into a cross-country model of human

capital investment and labor market outcomes. Some human capital investment channels

generated cross-country differences in early childhood human capital, but others did not.

I derived a measure of the size of such differences that compares the late-life outcomes of

otherwise identical immigrants who entered the U.S. at different ages. I implemented this

measure using the Indochinese refugees as well as immigrants from other countries and

consistently found no difference in late-life outcomes between those who immigrated at the

beginning and the end of early childhood. These findings appear to be robust and are

unlikely to be explained by selection.

I drew two conclusions from these findings. First, it seems unlikely that early childhood

human capital explains much of cross-country income differences. It is hard to reconcile

large cross-country differences in early childhood human capital with the fact that refugees

who immigrated from Vietnam, Cambodia, and Laos to the U.S. had similar outcomes

whether they immigrated at age 0 or age 5. I also concluded that country environment
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and market-purchased goods do not have a large role in early childhood human capital

production. I showed that this interpretation is consistent with the existing evidence on

early childhood human capital formation.

The empirical evidence presented here is inconclusive on two other important questions.

First, the evidence does not pin down the importance of parental investment in children. I

drew on the existing literature to argue that this channel probably operates but provided

no independent evidence that it does. Second, the evidence is much less conclusive on the

nature of investments made or the human capital acquired during schooling. The empirical

finding of a negative relationship between late-life outcomes and age at arrival after roughly

age 8 is consistent with a number of existing theories but does not discriminate between

them. I view these questions as fruitful areas for future research.
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A Appendix: Selection of Refugees

Refugees are typically considered to be less selected than other forms of migrants, for

two reasons. First, in refugee situations there is typically a large “push” factor that leads

refugees to leave, mitigating the effects of self-selection. In the Indochinese case, the main el-

ements were political persecution, ethnic discrimination, and in some cases ongoing warfare.

Second, once refugees are formally labeled as such, they face a different set of immigration

standards from potential host countries. In essence, they are accepted on humanitarian

grounds even if they lack the usual marketable skills that countries desire in their immi-

grants.

Anecdotal evidence generally tends to point towards modest selection for Indochinese

refugees after 1975. For example, Robinson (1998) gives a common characterization of the

post-1975 refugees: “Beyond that, this second wave of refugees bore scant resemblance to

the relatively homogeneous, well-educated Vietnamese of the first wave. These were peasant

Khmer fresh from the ‘killing fields’ of Cambodia; they were pre-literate Hmong from the

highlands of Laos; they were ethnic Chinese and Vietnamese traumatized by perilous boat

journeys, push-backs, and pirate attacks.” The characterization of the Khmer as rural

farmers fleeing the horror of the Khmer Rouge is nearly universal (Ebihara, 1985; Mortland,

1996). On the other hand, two margins of selection are well-known for Indochinese refugees.

First, most refugees from Vietnam fled by boat. Doing so required paying a fare and, in

some cases, a bribe to Vietnamese officials (Robinson, 1998). For this reason, boat refugees

were probably selected based on family income. Second, the Indochinese refugee flows were

protracted. While the initial refugees fled persecution, there was widespread agreement by

the mid-1980s that many migrants were making a conscious decision to seek resettlement

for the sake of improved economic opportunity. This process again likely implies a degree

of self-selection.

The available quantitative evidence also points towards a modest degree of selection.

Contemporary studies noted that roughly two-thirds of Indochinese refugees during the

peak years, and 40 percent of refugees during the first ten years, spoke no English (Office of

Refugee Resettlement, 1985). Likewise, many newly-arrived refugees were illiterate, with 22

percent of Cambodians and 28 percent of Laotians reporting no schooling, a stark contrast

to other large groups such as Cuban refugees (Haines, 2010).

Most studies report statistics for a broad set of immigrants. I add to this information

by constructing a narrower comparison of refugee parents to non-migrant parents who

remained in Indochina. I do so in two steps. First, I identify parents of Cambodian and
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Table 1: Schooling Comparison: Refugees and Non-Migrants

Men Women

Schooling None Primary High School Grad None Primary High School Grad

Panel A: Vietnam

Refugees 10% 28% 62% 15% 37% 48%

Non-Migrants 5% 77% 18% 11% 79% 10%

Panel B: Cambodia

Refugees 28% 30% 42% 40% 24% 26%

Non-Migrants 20% 76% 4% 50% 49% 1%

Table notes: Comparison of completed schooling of parents of refugee children in the 1990 U.S. Census to
parents born 1940–1960 in the 1989 Vietnamese and 1998 Cambodian census.

Vietnamese-born refugees in the 1990 U.S. Census. I measure the education of their parents

in three broad categories: none; some, but less than twelve years; and twelve or more years.

I focus on education because it is the easiest variable to compare across countries.

In the second step I collect data on the educational attainment of non-migrants in

Cambodia and Vietnam. Unlike Laos, these countries have conducted censuses that collect

information on age, education, and family structure, with the earliest census taking place

in 1989 in Vietnam and 1998 in Cambodia.12 I measure the education of parents born

between 1940 and 1960 in these countries in the same three categories; those birth years

match up with the birth years of the parents of refugee children in the U.S.

Table 1 compares the education of mothers and fathers who migrated to the education

of those who did not. The main result is that refugees from both countries come dispro-

portionately from the extremes: both those with no education and those with at least a

high school degree are overrepresented, while those with intermediate levels (such as some

primary) are underrepresented. This evidence is consistent with selection, although it is

also possible that refugees pursued education after arriving in the U.S. On the other hand,

it is striking that 10–40 percent of refugees report no education at all, an outcome that is

essentially unheard of for U.S.-born parents in the same cohorts.

12Available online at Minnesota Population Center (2010).
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B Online Appendix: Derivations for the Isoelastic Model

From the text, the family’s problem is:

max
mc,ms,pc,ps,S

∫ ∞
5+S

e−rtAi(t)hsdt−mc − e−5rms − Aihppc − Aie5(g−r)hpps

s.t. hs =
[
λsh

σs
σs−1
c + (1− λs) (zωs1i mωs2

s (hpps)
ωs3Sωs4)

σs
σs−1

] σs
σs−1

hc =
[
λch

σc
σc−1

0 + (1− λc) (zωc1i mωc2
c (hppc)

ωc3)
σc
σc−1

] σc
σc−1

.

Integrating out and substituting in the isoelastic case yields:

max
mc,ms,pc,ps,S

Aie
(g−r)(S+5)

r − g
hs −mc − e−5rms − Aihppc − Aie5(g−r)hpps (B1)

s.t. hs = hλcλs0 (zωc1i mωc2
c (hppc)

ωc3)λs(1−λc) (zωs1i mωs2
s (hpps)

ωs3Sωs4)1−λs (B2)

with hc = hλc0 (zωc1i mωc2
c (hppc)

ωc3)1−λc already substituted out.

The first-order conditions for the problem are:

S : Aie
(g−r)(S+5)hs =

Aie
(g−r)(S+5)

r − g
ωs4(1− λs)

hs
S

(B3)

mc :
Aie

(g−r)(S+5)

r − g
ωc2λs(1− λc)

hs
mc

= 1 (B4)

ms :
Aie

(g−r)(S+5)

r − g
ωs2(1− λs)

hs
ms

= e−5r (B5)

pc :
Aie

(g−r)(S+5)

r − g
ωc3λs(1− λc)

hs
pc

= Aihp (B6)

ps :
Aie

(g−r)(S+5)

r − g
ωs3(1− λs)

hs
ps

= Aie
5(g−r)hp. (B7)

Inspection of (B3) reveals that it pins down S = ωs4(1−λs)
r−g , which implies that S does not

vary within or across countries, verifying the first proposition. Equations (B4)–(B7) link

together the optimal market goods and parental investments in the two periods. Inspection

shows that the model predicts mc ∝ ms ∝ Aihpps ∝ Aihppc, where the proportionality

factors are functions of the share parameters (ω and λ) and discount rates (e−5r and e5(g−r)),

and so do not vary within or across countries.
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Using proportionality, it is possible to rewrite (B6) as:

κ1h
λcλs
0 z

ωc1λs(1−λc)+ωs1(1−λs)
i (Aihppc)

ωc2λs(1−λc)+ωs2(1−λs) (hppc)
ωc3λs(1−λc)+ωs3(1−λs) = hppc

where κ1 captures functions of parameters and discount rates that do not vary within or

across countries. Solve for the total parental input hppc in terms of exogenous parameters

to find:

hppc = κ2h
λcλs
1−Ψ

0 z
ωc1λs(1−λc)+ωs1(1−λs)

1−Ψ

i A
ωc2λs(1−λc)+ωs2(1−λs)

1−Ψ

i (B8)

where κ2 is again a constant and Ψ ≡ (ωc2 + ωc3)λs(1 − λc) + (ωs2 + ωs3)(1 − λs) is the

total returns to scale. Finally, use the proportionality relationship again as well as (B8) to

substitute in for hs to find:

hs = κ3h
λcλs
1−Ψ

0 z
ωc1λs(1−λc)+ωs1(1−λs)

1−Ψ

i A
ωc2λs(1−λc)+ωs2(1−λs)

1−Ψ

i . (B9)

Likewise, taking equation (B8) and the proportionality relationship and plugging in for

hc yields:

hc = κ4h
λc+

λcλs
1−Ψ

(ωc2+ωc3)(1−λc)
0 z

ωc1(1−λc)+ωc1λs(1−λc)+ωs1(1−λs)
1−Ψ

(ωc2+ωc3)(1−λc)
i × (B10)

A
ωc2(1−λc)+ωc2λs(1−λc)+ωs2(1−λs)

1−Ψ
(ωc2+ωc3)(1−λc)

i

The elasticity properties in Proposition 2 follow directly.

Last, I characterize the problem of the refugee who moves after early childhood. They

take their level of hc as given and choose subsequent investments ms, ps, and S. Their

problem then is:

max
ms,ps,S

Aie
(g−r)S+5g

r − g
hs −ms − Aie5ghpps (B11)

s.t. hs = hλsc (zωs1i mωs2
s (hpps)

ωs3Sωs4)1−λs (B12)
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The first-order conditions for the problem are:

S : Aie
(g−r)S+5ghs =

Aie
(g−r)S+5g

r − g
ωs4(1− λs)

hs
S

(B13)

ms :
Aie

(g−r)S+5g

r − g
ωs2(1− λs)

hs
ms

= 1 (B14)

ps :
Aie

(g−r)S+5g

r − g
ωs3(1− λs)

hs
ps

= Aie
5ghp. (B15)

It is still the case that S = ωs4(1−λs)
r−g . Likewise, it is still the case that there is a

proportionality relationship between the remaining two inputs, with ms ∝ Aihpps. Plugging

this information into (B15) yields:

hpps = κ5h
λs

1−Φ
c z

ωs1(1−λs)
1−Φ

i A
ωs2(1−λs)

1−Φ

i

where κ5 is a function of share parameters and other constants, and Φ ≡ (ωs2 +ωs3)(1−λs).
Finally, substitution yields an expression for hs:

hs = κ6h
λs

1−Φ
c z

ωs1(1−λs)
1−Φ

i A
ωs2(1−λs)

1−Φ

i

where κ6 is a final constant. Ψ < 1 is sufficient to guarantee Φ < 1. In this case, it follows

that human capital in the labor force is increasing in early childhood human capital for

λs > 0, which verifies Proposition 3. This result arises through the direct effect of lower early

childhood human capital but is also amplified by an endogenous decision to allocate less

market-purchased goods and parental human capital to children with less early childhood

human capital.

C Online Appendix: Identification of Age at Arrival

Effects

In the empirical section I propose to estimate the effects of age at arrival by regressing

outcomes such as years of schooling or wages on full sets of dummies for age, census year,

and age at arrival using a pooled sample of natives and immigrants. Identification of the

effect on age at arrival requires some assumptions, which I formulate explicitly and justify

here.

To simplify the discussion, I specialize to the case where all time variables enter the
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regression equations in linear fashion; the same insights apply to the dummy variable spec-

ifications I use. With linear time effects, my estimation model for the determination of

some outcome of interest y is

y = βX + αA+ ωY + φAA+ ε,

where the right hand side includes a vector of controls X, the age A, the year of the Census

Y , and (for immigrants) the age at arrival, AA. Greek letters denote the corresponding

coefficients.

Research in the literature often proposes a far more general model of the determination

of outcomes (particularly log-wages) for immigrants and natives. Adapting from Friedberg

(1992) and Borjas (1999), a flexible model for the determination of native outcomes yN and

immigrant outcomes yI is:

yN = βNXN + αNAN + ωNY N + εN ,

yI = βIXI + αIAI + ωIY I + φIAAI + γICI + δIY USI + εI .

This specification is more general in two ways. First, it allows the effect of the controls,

age, and year to be different for immigrants and natives. Second, immigrant outcomes are

affected by year-of-immigration cohort effects CI , which are intended to capture changes

in the composition of immigrants by year of entry, and the assimilation term Y USI which

measures the number of years an immigrant has spent in the U.S.

It is well-known that some of the coefficients in this general model are not identified

without further assumptions. The problem arises from two linear dependencies in the

immigrant equation, namely Y USI+CI = Y I and AAI+Y USI = AI . For my purposes the

latter dependency is the problem, since it means that the coefficient on age at arrival is not

identified without further assumptions. Friedberg (1992) proposes imposing the restriction

αI = αN to resolve this dependency. In words, the assumption is that immigrants and

natives share the same age effects, which can be identified for the natives. The effect of

age at arrival on immigrant outcomes is thus identified as the differential effect of a year

spent abroad for immigrants as opposed to a year spent in the U.S. for natives, which is

exactly consistent with the logic of my model. To implement this strategy I pool natives

and immigrants and impose the further restriction βN = βI . In this case, a general model
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for the outcome y is

y = βX + αA+ ωNY N + ωIY I + φIAAI + γICI + δIY USI + ε.

There is still a linear dependency in this model, but it is irrelevant for the coefficient of

interest, φI ; this can be seen by plugging in for cohort effects:

y = βX + αA+ ωNY N + (ωI + γI)Y I + φIAAI + (δI − γI)Y USI + ε. (B16)

The effect of age at arrival is identified, although cohort effects and assimilation effects

are not. This estimation model is more general than the one used in the text, because

it also includes cohort effects as a regressor (even though the estimated coefficient does

not measure “true” cohort effects). Nonetheless, implementing this equation produces

essentially the same results, which are available upon request.

D Online Appendix: Robustness

D.1 Alternative Decompositions

In this subsection, I explore alternative decompositions of the Indochinese refugees into

subgroups. The main idea is that self-reported ethnicity may not appropriately capture

the different groups of refugees. Also, some Indochinese refugees report ethnicities that do

not fall neatly into the five major categories, and so are excluded from earlier figures. As

a check on the baseline results, I also decompose refugees by their country of birth, which

captures all Indochinese refugees; and by their reported language spoken at home, in case

language rather than ethnicity is a better way of grouping immigrants. Figures 7a and

7b show that the patterns for wages are similar to those for the decomposition based on

ethnicity, with no trend in outcomes by age at arrival. Figures for schooling are similar and

available upon request.

As mentioned in the text, U.S. immigration policy towards Indochinese refugees shifted

in 1982. Prior to that time, health screening of refugees was cursory and only loosely

related to admissions decisions; afterwards, the screening was improved and integrated into

the admissions process. Hence, one might suspect that pre-1982 refugees are less selected

on health status, and post-1982 refugees more so. I cut refugees based on whether they

arrive before or after the policy change. Figure 8 shows that the lack of a trend is consistent

for the less selected, pre-1982 refugees, although the more selected, post-1982 refugees do
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Figure 7: Log-Wages by Age at Arrival for Alternative Cuts of Indochinese
Refugees

display a more mixed pattern. For them, although outcomes for those who arrive at age

5 are better than outcomes for those who arrive at age 0, there is a downward trend in

outcomes between ages 2 and 5.
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Figure 8: Log-Wage by Age at Arrival for Early and Late Arrivals

Finally, I consider two limits on the sample of interest. First, I exclude from the sample

refugees who live in “ethnic enclaves”, areas with high concentrations of other residents

of the same ethnicity. I define a person as living in an ethnic enclave if they live in a
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Public Use Microdata Area (PUMA) where more than 5 percent of the population shares

their ethnicity or if they live in a metropolitan statistical area (MSA) where more than

2.5 percent of the population shares their ethnicity. The PUMA is the smallest geographic

region publicly available in the Census and includes between 100,000 and 200,000 people,

corresponding typically to a portion of a city; MSAs are cities and the surrounding areas.

My definition of ethnic enclaves excludes roughly 30 percent of refugees from the sample.

Figure 9 shows that the wage patterns are similar for those who live outside of enclaves.

These findings suggest that my results are not driven by the ability of refugees to live and

work in areas with others who share a similar cultural background or language.
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Figure 9: Log-Wage by Age at Arrival for Refugees Living Outside Enclaves

As a second sample restriction, I re-estimate my key regressions using only workers

who are 23–26 years of age. My model abstracts from post-graduation human capital

accumulation. Although most refugees in my sample are young some are older, and hence

may have invested significantly in their human capital since graduation. Figure 10 shows

that I obtain similar results for wage patterns if I look exclusively at the very young workers

who are unlikely to have made significant post-graduation investments.

D.2 Alternative Outcomes

Finally, I consider alternative outcomes besides those in the paper (log-wages and completed

years of schooling). If I instead estimate the probability of employment, I find a similar

pattern: no relationship between age at arrival and probability of employment as an adult,
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Figure 10: Log-Wage by Age at Arrival for Refugees 23–26 Years Old

with small level differences between refugees and natives.13 The same conclusion also implies

if I estimate a regression with log-income instead of log-wages (to include differences in hours

worked per year) or if I estimate the probability of having graduated college rather than

years of schooling; see Figure 11.

I also extend the analysis to look at the outcomes of children born in the U.S. to refugee

parents. This test is useful if there are important effects of exposure to adverse conditions

while in utero. The test is somewhat more difficult to conduct because I can only link

children to their parents while they still live in the same household, so I need an outcome

more relevant to the experience of those living at home than completed schooling or wages.

I focus my attention on children age 16–18 and use the outcome variable of still being

enrolled in school. I include natives, as a control group; child refugees; and children born

in the U.S. to Indochinese refugee parents. I identify children as having refugee parents if

both parents immigrated from Vietnam, Cambodia, or Laos during the refugee period as

defined above and, additionally, the parents were born in the same country and immigrated

in the same year. I then regress a school attendance dummy on the same set of controls as

in equation (6).

Figure 12 shows the results. Since the sample of 16–18 year olds is smaller, I pool all

Indochinese refugees. I use negative age at arrival for the native-born children of refugee

13For this and subsequent binary outcomes, estimation is performed via a probit model. The reported
coefficient is the model-predicted change in average enrollment for each age-at-arrival group if they had
instead been native-born children of non-refugee parents. Standard errors are simulated via Monte Carlo.
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(c) Probability of Graduating College

Figure 11: Alternative Outcomes by Age at Arrival

parents; the value denotes how many years after their parents’ arrival the children were

born. For example, while φ0 is the estimated coefficient for children who are born abroad

and immigrate before their first birthday, φ−0 is the estimated coefficient for children who

are born in the U.S. in the first year after their parents immigrated and so on. If in

utero development were key, then one would expect to see important differences between

children born before their parents’ immigration and children born at least one year after

their parents’ immigration. Instead, there are no significant differences between groups.
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Figure 12: Probability of Attending School at Ages 16–18, by Age at Arrival
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