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The Idea

How could one measure human capital without knowing the
production function?
The problem: we only observe wages

I wage = [skill price] * [human capital]
I skill prices (unobserved) differ across countries

A simple idea: observe workers from different countries in the same
labor market

I with the same skill prices
I Hendricks (2002)
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Immigrant Earnings in the U.S.

The motivating fact: immigrant earnings do not vary much across
rich / poor source countries.

Relative source country GDP
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2
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Source: 2010 U.S. Census
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Approach

1. run a descriptive wage regression

1.1 LHS: log hourly wage
1.2 RHS: schooling, experience, sex, marital status, ...

2. for each person, compute residual log wage
3. sort workers by country of birth
4. for each country of birth: compute mean residual log wage
5. plot it against relative gdp per worker (PPP, PWT)

Main result:
A 1 log point increase in gdp is associated with a 0.09 log point
increase in wages (given characteristics).
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Migrant Selection

If migrants are similar to the average worker at home:

I the graph measures source country human capital relative to
the U.S.

Main concern:

I Immigrants from low income countries are more positively
selected than immigrants from rich countries.
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Indirect evidence on selection

1. Studies that follow migrants across borders show little selection

1.1 but mostly Latin American countries

2. Return migrants earn roughly the same as never-migrants
3. Refugees earn roughly the same as other migrants
4. For some countries (SLV, JAM), a large fraction of workers

migrates to the U.S. at some point

4.1 lots of back and forth migration

Not everyone is convinced ...
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Schoellman (2012)



Schoellman (2012)

An extension of the immigrant earnings approach by Schoellman
(2012)
The idea: use returns to schooling in the U.S. to measure school
quality.

Implementation

I Run a simple wage regression where coefficient on schooling
varies by source country.

Result:

I school coefficient varies from 0 (ALB, TON) to 12% (CHE,
JPN)
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Richer countries have higher returns
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option scale; it also collected information on the year of immigration. I enter each as a full set
of dummy variables. These last two terms help capture the fact that immigrants’ labour market
prospects may be limited by language or may be limited upon initial arrival to the U.S.

2.1. Estimates and Baseline Interpretation

Appendix B provides the key estimates of this regression, µ
j
US, as well as the standard error

of the estimates and the number of observations per country. The results are ordered by rate of
return so that the large differences are immediately apparent. The measured U.S. return provides
a benchmark of 11·1% per year. Immigrants from several countries earn higher rates of return,
including two with statistically significant returns over 12% per year, Japan and Switzerland.
At the other end of the spectrum, some countries have remarkably low returns, including the
one with negative but imprecisely estimated returns to schooling. Two useful benchmarks on
the low end are Mexico and Vietnam. Since each country has a large number of immigrants
in the U.S., they have reasonably precisely estimated returns of 1·8% and 2·8% per year of
schooling.
Figure 1a plots the estimated returns to schooling of immigrants against the log of PPP GDP

per worker from the Penn World Tables (Heston, Summers and Aten, 2009). It shows already
the first punchline of the paper: immigrants from developed countries earn higher returns on
their foreign schooling than do immigrants from developing countries. Some of the estimated
returns to schooling plotted on the y-axis are based on small samples of immigrants and are
somewhat imprecise; e.g. the obvious outlier of Tanzania is based on just 73 immigrants. For
this and most subsequent figures, I also include the fitted line from a weighted regression using
number of immigrants in the sample as the weights. This regression and all subsequent weighted
regressions exclude the U.S. and Mexico. Mexican immigrants are roughly one-third of the total
immigrant sample, and there is a concern that their experience may be atypical.
The baseline interpretation of the relationship in Figure 1(a) is that it is the result of differ-

ences in education quality between developed and developing countries. Figure 1(b) offers some
evidence for this point of view. It plots again the estimated returns to schooling of immigrants,
this time against test scores from internationally standardized achievement tests. These scores
come from testing programs that administer comparable examinations to randomized samples

FIGURE 1
Patterns for returns to schooling of immigrants
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Countries with higher test scores have higher returns
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option scale; it also collected information on the year of immigration. I enter each as a full set
of dummy variables. These last two terms help capture the fact that immigrants’ labour market
prospects may be limited by language or may be limited upon initial arrival to the U.S.

2.1. Estimates and Baseline Interpretation

Appendix B provides the key estimates of this regression, µ
j
US, as well as the standard error

of the estimates and the number of observations per country. The results are ordered by rate of
return so that the large differences are immediately apparent. The measured U.S. return provides
a benchmark of 11·1% per year. Immigrants from several countries earn higher rates of return,
including two with statistically significant returns over 12% per year, Japan and Switzerland.
At the other end of the spectrum, some countries have remarkably low returns, including the
one with negative but imprecisely estimated returns to schooling. Two useful benchmarks on
the low end are Mexico and Vietnam. Since each country has a large number of immigrants
in the U.S., they have reasonably precisely estimated returns of 1·8% and 2·8% per year of
schooling.
Figure 1a plots the estimated returns to schooling of immigrants against the log of PPP GDP

per worker from the Penn World Tables (Heston, Summers and Aten, 2009). It shows already
the first punchline of the paper: immigrants from developed countries earn higher returns on
their foreign schooling than do immigrants from developing countries. Some of the estimated
returns to schooling plotted on the y-axis are based on small samples of immigrants and are
somewhat imprecise; e.g. the obvious outlier of Tanzania is based on just 73 immigrants. For
this and most subsequent figures, I also include the fitted line from a weighted regression using
number of immigrants in the sample as the weights. This regression and all subsequent weighted
regressions exclude the U.S. and Mexico. Mexican immigrants are roughly one-third of the total
immigrant sample, and there is a concern that their experience may be atypical.
The baseline interpretation of the relationship in Figure 1(a) is that it is the result of differ-

ences in education quality between developed and developing countries. Figure 1(b) offers some
evidence for this point of view. It plots again the estimated returns to schooling of immigrants,
this time against test scores from internationally standardized achievement tests. These scores
come from testing programs that administer comparable examinations to randomized samples

FIGURE 1
Patterns for returns to schooling of immigrants

 at U
niversity of N

orth C
arolina at C

hapel H
ill on A

pril 4, 2012
http://restud.oxfordjournals.org/

D
ow

nloaded from
 

10 / 32



What about selection?

Selection could be a problem if immigrants with low schooling are
more positively selected than those with high schooling
Then returns to schooling among immigrants could be lower than
among non-migrants

I perhaps a priori not too plausible

Restrict sample to countries with high fraction of refugees (50%+)
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Transferability

There really isn’t good evidence to rule out that the human capital
acquired in low income countries is a poor match for rich country
labor markets.
But we are living in a model with only 1 type of human capital.
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Accounting Model

Next task: translate school quality differences into output
differences.

Aggregate production function:

Yj = AjKα
j [h(Sj,Qj)Lj]

1−α (1)

Observed:

I Yj,Kj: PWT
I Sj: Barro and Lee (2013)
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Human capital production function

h(Sj,Qj) = exp
[
(SjQj)

η /η
]

(2)

This is an invention, due to Bils and Klenow (2000).
We need to estimate Qj and η .
Then we can construct h for each j and perform levels accounting.
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Estimating Qj

The idea:

I immigrant returns to schooling reveal Qj

We want to estimate Qj by running the regression

lnW
(

Sj
US

)
= c + MUS

Qj

QUS
Sj

US (3)

In words:

I Run a Mincer regression with country specific returns to
schooling

I Then j’s Mincer coefficient is proportional to its Qj

This is really based on intuition, not a model.
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Motivating Model for the Wage Regression

To motivate this regression, we develop a simple model.
Workers maximize lifetime earnings:

max
S

pvEarn− sCost (4)

where

pvEarn = h(S,Qj)
∫

τ+T

τ+S
e−rjtwj (0)egjtdt (5)

sCost =
∫

τ+S

τ

e−rjtλjwj (0)egjth(t− τ,Qj)dt (6)

They take Qj as given.
The cost of schooling is proportional to foregone earnings.
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Optimal Schooling
Optimal schooling satisfies

Sj =
[
Qη

j /Mj

]1/(1−η)
(7)

where

Mj =
(rj−gj)(1 + λj)

1− exp [−(rj−gj)(T−Sj)]
≈ (rj−gj)(1 + λj)

Claim: Mj is the Mincer return in country j.
I This is a bit fishy b/c in the model everyone is the same (no

variation in S).
I Not clear what is supposed to change to induce changing S

(likely Q) within a country
Some poorly explained messing around with the equilibrium wage in
the US then yields the desired regression equation.

Now we have Qj as a function of Mj (roughly the same everywhere)
and Sj. 17 / 32



Estimating η

The idea:
Use the equilibrium schooling equation

lnSj =
η

1−η
lnQj +

1
1−η

lnMj (8)

Set Mj = M̄ based on estimated Mincer regressions.
Instrument Qj with test scores.
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Development Accounting

Main result: Quality differences are as important as school quantity
differences.
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TABLE 2
Baseline accounting results and comparison to literature

This paper Literature
η = 0·42 η = 0·5 η = 0·58 Hall and Jones (1999) Hendricks (2002)

h90/h10 6·3 4·7 3·8 2·0 2·1
h90/h10
y90/y10

0·28 0·21 0·17 0·09 0·22
var[log(h)]
var[log(y)] 0·36 0·26 0·19 0·06 0·07

my results would be somewhere between 72% and 138% higher than those that are standard in
the literature.
Table 2 gives these results in more detail. I construct human capital stocks using equation (7).

I compare the size of cross-country human capital differences in this paper with two standard
papers in the literature (Hall and Jones, 1999; Hendricks, 2002). The results in the literature can
vary somewhat due to the many details in sample selection, choice of the Mincerian return, and
so on. Since there is some uncertainty about the true value of η, I give results for the baseline
η = 0·5 and for the endpoints of the plausible range. I compute three statistics that measure the
importance of human capital. h90/h10 is the ratio of human capital in the 90th to 10th percentiles.
For both papers in the literature this number is around 2. For my baseline results it is 4·7, with a
plausible range of 3·8–6·3.
The last two lines of Table 2 give two different estimates of the fraction of output per worker

differences that are accounted for by quality-adjusted years of schooling. The second line com-
pares the human capital ratio of the 90th and 10th percentiles to the output per worker ratio of
the 90th and 10th percentiles. By this, metric quality-adjusted schooling accounts for 17–28%
of output per worker differences, larger than the literature. The third line compares the vari-
ance of log human capital per worker to the variance of log output per worker. By this, metric
quality-adjusted schooling accounts for 19–36% of output per worker variation, again larger than
the papers in the literature. These results also normalize for the fact that different studies include
different sets of countries that may include more or fewer developing countries and show that dif-
ferences in the sample do not drive the difference between my results and those in the literature.
Figure 6 gives a country-by-country comparison of my results for human capital and the

literature’s. It plots estimated human capital from Hall and Jones (1999) and Hendricks (2002)
against my benchmark estimated human capital with η = 0·5. Human capital is normalized by
the level of the U.S. for both axes. The 45-degree line is included for reference. For almost all
countries in both papers in the literature the results are above the 45-degree line, indicating that
the literature estimates smaller human capital per worker gaps than I do.
My figures lie within the large bounds in the endogenous education quality literature. For ex-

ample, Erosa, Koreshkova and Restuccia (2010) compute that human capital variation accounts
for 13% of output per worker variation for two hypothetical economies differing by a factor
of 20 in income. On the other hand, Manuelli and Seshadri (2007) compute that human capital
variation accounts for 67% of output per worker variation between the top and bottom deciles, al-
though their model includes a broader notion of human capital than I do here, with a large role for
investments before schooling as well as on-the-job training. My results are in the middle and are
quantitatively closer to those of Erosa, Koreshkova and Restuccia. The main result of this paper
comes from equations (7) and (8), along with the baseline value of η = 0·5. Together they im-
ply cross-country differences in education quality are nearly as important as cross-country dif-
ferences in years of schooling. Quality-adjusted schooling accounts for 20% of cross-country
output per worker differences, as opposed to 10% for years of schooling alone. Table 2 and
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Comments

The empirical idea is quite nice:

I use immigrant returns to schooling as a proxy for source
country school quality

Quantitatively, it’s a bit hard to make this work
We run again into the two issues that plague the entire literature:

1. What is the production function for h?
2. How do deal with migrant selection?

The only clear way out (I think): direct measures of migrant
selection
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NIS Data



NIS data

This is based on Hendricks and Schoellman (2016).
The idea:

I a direct measure of the importance of things other than
human capital: the wage gain experienced by migrants

I migrants take their h with them, but leave capital and tfp
behind.

This deals with selection: we observe the same worker in 2 labor
markets.
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Accounting Model

Aggregate production function:

I Yc = Kα
c [AcHc]1−α

I yc = Yc/Lc = (Kc/Yc)α/(1−α) Achc = zchc

Contribution of h to output gaps: hc′/hc.
Share of output gap due to h:

shareh =
ln(hc′/hc)

ln(yc′/yc)
(9)
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Migrant wage gains

Observed wage: wc = (1−α)zchc

Wage gain: zUS/zc

I directly measures the contribution of h to output gaps
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NIS data

New Immigrant Survey
12,000 new permanent residents in 2003

I About half are new arrivals
I The others are adjustments of status

Data on:

I jobs and wages pre and post migration
I demographics: age, sex, schooling
I visa status
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Results: Pre- and post migration wages
Figure 1: Wages, Wage Gains, and GDP per worker

(a) Pre- and Post-Migration Wages
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(b) Wage Gains at Migration
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quite small relative to the gap in GDP per worker, suggesting that “country” plays a small

role in development accounting. We formalize this idea in the next subsection.

4.1 Accounting Implications

Recall from equation (4) that our measure of the importance of country is the log-wage

change at migration relative to the log-GDP per worker gap, with the importance of human

capital constructed as one minus the importance of country. We implement this idea by

constructing these statistics for every immigrant in our sample. We then compute the mean

of this statistic within each PPP GDP per worker category. The resulting estimates and

95 percent confidence intervals for each GDP per worker category are given in Table 2.10

From this point on we focus on poor countries because they are of greater interest for

development accounting. The estimates from the three poorest income groups agree closely

on an estimate in the range of 0.58–0.71 with fairly tight confidence intervals. Overall, the

implied share of human capital in development accounting is 62 percent against a share of

country-specific factors of only 38 percent. The 95 percent confidence interval is narrow,

ranging from 57 to 66 percent, implying that we can rule out that human capital accounts

for as little as even half of cross-country income di↵erences. We now decompose this result

10We find very similar results if we use instead the median of the ratios or if we use the ratio of the
means. Our confidence intervals are constructed using a normal approximation, but bootstrapped confi-
dence intervals are very similar.

13

Key: wage gains are small relative to output gaps.
Example:

I Output gap 21
I Wage gain 3
I Contribution of h: ln(7)/ ln(21) = 0.64
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Main Result

Table 2: Implied Human Capital Share in Development Accounting

GDP p.w. Category Human Capital Share 95% Confidence Interval N

< 1/16 0.71 (0.64, 0.78) 178

1/16 � 1/8 0.61 (0.57, 0.66) 415

1/8 � 1/4 0.58 (0.48, 0,67) 295

1/4 � 1/2 0.52 (0.34, 0.70) 168

> 1/2 0.83 (-0.11, 1.76) 299

Table note: Each column shows the implied human capital share in development accounting
(one minus the wage gain at migration relative to the GDP per worker gap); the 95 percent
confidence interval for that statistic; and the number of immigrants in the corresponding
sample. Each row gives the result from constructing these statistics for a di↵erent sample or
using di↵erent measures of pre-migration wages, post-migration wages, or the GDP per worker
gap.

for di↵erent subgroups and consider its robustness.

4.2 Decomposition: Select Countries

Although confidentiality restrictions prevent us from reporting separate results for most

countries, there are four poor countries above this threshold in our sample: Ethiopia,

China, India, and the Philippines. An additional advantage of these countries is that

each has had a single, relatively stable currency, mitigating concerns about di�culty with

correctly converting the pre-migration wage to U.S. dollars. At the same time there is

interesting heterogeneity between them, in particular in how they arrived in the U.S.; while

most immigrants from Ethiopia enter on diversity visas, most immigrants from India enter

on employment visas.

Figure 2 shows the results for wages and wage gains for these three countries. Not surpris-

ingly, the Indians are much more selected on wages than are the Chinese. Nonetheless, the

wage gains at migration for each of these countries are very similar to the results found

above, ranging from around two to a little less than four. We construct again the implied

human capital share in development accounting for each country, shown in Panel B of Table

3. The implied share ranges from 0.49 to 0.76, in line with the baseline result but somewhat

more variable.

14

Main result:
h accounts for 2/3 of output gaps!
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Robustness

Contribution of h is similar for:

I different visa categories (H1B, family visas,...)
I different school levels
I recent / non-recent arrivals
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Why so different from previous research?

Migrant selection is massive

I average years of schooling: > 13 (even for poor countries)
I typical pre-migration occupations: white collar
I no migrants that previously worked in ag

Pre-migration wages are much higher than average source country
wages.
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Migrant selection

of Americans relative to U.S. PPP GDP per worker.

We construct this measure of selection for all individuals in our sample. We then average

it by PPP GDP per worker category and plot the result as “total selection” in Figure

4. There are two main takeaways. First, immigrants are substantially selected on pre-

migration earnings, with a mean selection of more than two for the entire sample. Second,

the degree of selection varies systematically with PPP GDP per worker. Immigrants from

the poorest countries are selected by more nearly a factor of six, whereas immigrants from

the richest countries are hardly selected at all by this measure.

Figure 4: Selection of Immigrants by GDP per worker
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Although previous studies lacked data on the pre-migration earnings of immigrants, they

did have data on some other observable dimensions of selection. For example, it is well-

known that immigrants are selected on education, particularly those from poorer countries.

Thus, one approach to the selection problem is to construct and control for an index of

selection on observable attributes to help mitigate the selection problem. Doing so allows

one to rely on the weaker assumption that there is no selection on unobservable attributes

or that selection on unobservable attributes is uncorrelated with development. We now

ask whether controlling for di↵erences in observable characteristics is su�cient to undo the

selection gradient observed in Figure 4.

To do so, we construct a measure of selection following in the spirit of Hendricks (2002).

There are two steps. First, we need to identify the set of attributes that we can measure

among both the immigrant and non-migrant populations. Education and age are commonly

21
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Interpretations

Migrants are very different from the typical worker.
If wage gains are similar for people with low schooling /
self-employed / people in ag:

I then wage gains are small relative to gdp gaps
I h accounts for more than half of output gaps

Key question:
Do wage gaps between the kinds of people we see in NIS and
typical workers reflect human capital or barriers?
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