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Abstract

This paper first elaborates a model of intermediate selection where potential migrants must
have both the resources to finance the migration cost (liquidity constraint restriction) and an
income gain of migrating (economic incentives restriction). We then test the predictions of the
model regarding the impact of output in the sending country and migration costs on average
skill level of immigrants to the United States from 1899 to 1932, where immigration was ini-
tially unrestricted by law and then highly limited. Our panel of 39 countries includes data on
occupations that immigrants had in their country of origin, providing a more accurate skill
measure than previously available datasets. We find that migration costs have a negative but
skill-neutral effect on quantity of immigrants and an increase in output, measured as GDP per
capita, has a positive effect on quantity and a negative effect on average skill level of immi-
grants, suggesting that the main channel by which changes in output affected the average skill
level of migrants in that time period is through the easing or tightening of the liquidity con-
straints and not through the economic incentives as in previous models. Also, using migrants’
occupation in the United States as a measure of skills would lead to misleading conclusions.
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1 Introduction

What is the impact of immigration on domestic economies? Borjas and Friedberg (2009) ar-
gues that the skill level of immigrants is crucial in understanding this relationship for three rea-
sons. First, who wins and who looses from immigration depends on the skill level of immigrants.
Second, the assimilation process is different for each skill level as high-skilled immigrants may
assimilate faster. Finally, the skill level of immigrants may determine whether there are economic
benefits of immigration or not. Thus, a better understanding of the determinants of the average
skill level of immigrants is a valuable tool for interpreting the historical evidence on immigration
inflows and their impact, for forecasting future trends in migratory movements, and for designing
immigration policy.

This paper attempts to theoretically identify and empirically estimate the impact of the main
determinants of the immigrants skill level by using a new set of administrative data from the Com-
mission of Immigration. This data was previously digitalized by Lafortune and Tessada (2014)
and includes a measure of skills of immigrants to the US from 1899 to 1932 based on their occu-
pations in their country of origin. With this measure, we construct a panel data that allows us
to test how variation over time and over country in characteristics of the country of origin af-
fects the skill composition of immigrants inflows. The period under study is particularly useful to
study the economic determinants of the migration decision because it was characterized by large
and diverse immigration inflows and important restrictions were imposed over a previously un-
restricted immigration process for many countries. This give us the opportunity to identify the
determinants of the skill level of immigrants in a context of “open gates” and compare it to the
restricted situation.

We first setup a random utility model based on the Roy selection model as in Borjas (1987) but
with a fixed mobility cost component as in Chiquiar and Hanson (2005). Also, following Orrenius
and Zavodny (2005), the model considers the fact that self-selected migrants must be able to fi-
nance the mobility cost out-of-pocket in order to migrate (as they are liquidity constrained). The
model provides three main empirical predictions. First, if the liquidity constraint is high enough,
an increase in output in the origin country has an ambiguous effect on total flow of migrants
and decreases the average skill level of migrants because it increases the amount of low-skilled
workers that can afford the migration cost and reduces the amount of high-skilled workers that
have economic incentives to depart. Second, an increase in mobility costs reduces the total flow of
migrants but has an ambiguous effect on average skill level of migrants because it prevents low-
skilled workers that cannot afford the migration costs to migrate and reduces the incentives for
high-skilled workers to leave their origin country. And third, an increase in inequality, everything
else constant, has an ambiguous effect on both total flow of migrants and on the average skill level
because even though it reduces the amount of low-skilled workers that have enough savings to
cover the migration costs, it can reduce or increase the economic incentives for high-skilled and
low-skilled workers to migrate. This model generates different predictions than the ones where
only economic incentives drive the migration decision because it considers the effect of output on
the liquidity constraint restrictions.

In order to test these empirical predictions we construct a panel of 39 countries with mea-
sures of average skill level, country of origin’s output level, mobility costs and political instability,
among other controls. Average skill level is calculated using the mean of occupational scores as-
sociated to self-reported occupations that immigrants had in their origin country. Output in the
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country of origin is measured using PPP adjusted GDP per capita. To estimate migration costs we
use the product of the freight rates (cost of delivering a cargo from one point to another) for each
year with the distance to the US for each country.

With this panel we estimate a regression of the average skill level against the mentioned ex-
planatory variables adding year and country fixed effects to control for unobservables. In auxiliary
regressions, we use the total flow, the flow of professionals, of high-skilled and of low-skilled as
well as the shares of professional, high-skilled and low-skilled as the dependent variable. These
auxiliary regressions allow us to identify the changes in quantities of immigrants from each skill
category that drives the impact of the explanatory variables on average skill level. In a second
stage, given that inequality data by year is not available over this period, we regress the country
fixed effects estimated in the main regressions against a proxy of country level inequality. This
proxy consists in using the oldest Gini data available for each country.

The empirical exercises confirm the theoretical finding that an increase in GDP has a negative
effect over average skill level by altering the composition of the migrants towards a larger share of
low-skilled workers and has a positive effect on quantity of migrants. Also, an increase in migra-
tion cost reduces the amount of migrants from all skill levels. Since the proportional magnitude of
the reduction is similar for all skill levels, we do not observe an effect of changes in migration cost
over average skill level. Analogously, consistent with the theoretical and empirical notion that
networks in the destination country reduce the migration costs (Beine, Docquier and Ozden, 2011;
Carrington, Detragiache and Vishwanath, 1996; Lafortune and Tessada, 2014; Munshi, 2003), we
find that a larger stock of immigrants from the same ethnic origin living in the US increases the
inflow from all skill levels and that this increase is more intensive for low-skilled workers (as in
McKenzie and Rapoport, 2010), suggesting that networks in the destination country are specially
relevant for unskilled immigrants and thus reduce the average skill level. Beine et al. (2011) obtain
the same results using modern data on immigration to the OECD countries.

These findings survive different robustness analyses, as well as the addition of controls and
lags. Also, the main results remain if we consider only the unrestricted period and the immi-
gration restrictions do not appear to significantly affect the underlying selection process. Never-
theless, when using the quality of occupations that the immigrants had in the US as opposed to
the more appropriate quality of occupations that the immigrants had before migrating, the results
differ, indicating that immigrants employed in the US labour market may have occupations that
does not reflect their original skills. Thus, using migrants’ occupation in the United States as a
measure of skills would lead to misleading conclusions.1

The main empirical results presented in this paper, though consistent with our model, can-
not be explained using neither Orrenius and Zavodny (2005) model nor Borjas (1987) model. In
particular, our empirical observations are only the coherent result of an income maximization pro-
cess if liquidity constraints play an important role in the selection process and the impact of GDP
over the skill level of migrants operates mainly through the easing or tightening of these liquidity
constraints, a channel that is not present in previous models. Empirically, the effect of GDP on
average skill level that we observe supports the micro data evidence presented by Orrenius and
Zavodny (2005). However, this result is not consistent with Borjas (1987) who finds that bigger
GDP per capita on the origin country implies bigger average wage in the US but argue that this is
a different and potentially biased way of measuring immigrant skills. Finally, our cross-country

1See Lafortune and Tessada (2014) for an empirical analysis of the patterns of occupation changes among cohorts
of migrants during the later part of our sample.
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analysis indicates that, contrary to the finding of Borjas (1987), an increase in inequality has a
negative effect on total amount of migrants and a positive effect on average skill level2.

The first generation of studies regarding this subject (Carliner, 1980; Chiswick, 1978) found that
after a relatively short adaptation period, earning of immigrants get to be bigger than earnings
of comparable natives. These studies explained this result arguing that earnings of immigrants
grow faster because they have more incentives to invest in human capital and they get to be even
bigger because of positive self-selection: the foreigners that migrate from their origin countries
are more able or motivated than the standard foreigners and also that the standard natives. In
reaction to this positive self-selection assumption, Borjas (1987) constructs a version of the Roy
selection model (Roy, 1951) to analyze the migration choice of income maximizing agents with
perfect information of earnings distributions in both the origin and destination countries. His
conclusion is that higher GDP and low political instability in the origin country result in more
high-skilled immigrants. Also, positive self-selection will occur only if inequality in the origin
country is smaller than in the US and the correlation between wages in the origin country and the
US are large. If the reverse is true, then we would have negative self-selection. Empirically, he
finds that Eastern European countries, which have low inequality, provide immigrants that earn
higher wages in the US. In contrast, less developed countries, that have higher inequality, provide
immigrants that earn lower wages in the US. Thus, his empirical study supports his theoretical
findings.

Despite the results of Borjas (1987), controversy has arisen because of critiques to the empirical
design of Borjas paper (Jasso and Rosenzweig, 1990) and also because new studies have shown
evidence against negative self-selection even in less developed countries (Chiquiar and Hanson,
2005; Mckenzie and Rapoport, 2007; Orrenius and Zavodny, 2005). These papers found that mi-
grants from Mexico come neither from the top nor the bottom part of the distribution of skills of
that country, but they still do worse than natives in the US. This result is also known as intermedi-
ate selection, in the sense that migrants actually come from the upper middle of the distribution3.
As a result, Orrenius and Zavodny (2005) and Chiquiar and Hanson (2005) have incorporated in
their theoretical models the fact that if the mobility cost is fixed then poor individuals will not
migrate if they do not have enough resources to finance the mobility cost or if the cost is bigger
than the differential of potential earnings. Building on this insight, our model further specifies the
liquidity constraint restriction to consider the fact that an increase in output in the origin country
helps financing the migration cost. In addition, we relax non-generalizable assumptions used in
previous models, providing novel empirical predictions.

Empirically, this paper contributes to the literature by using a panel data strategy that allows
us to control for country-specific and year-specific factors, providing a test at the macro data level
of the selection models that have been tested using census and micro data for more recent peri-
ods4. Also, the mass immigration process that took place in the time period covered by this study
has been empirically described in terms of assimilation of immigrants (Abramitzky, Boustan and
Eriksson, 2012) and broad self-selection (Abramitzky, Boustan and Eriksson, 2014) but the deter-
minants of immigrants’ skill composition have not been studied in this context. Furthermore,
the early XXth century is a particularly interesting historical period for this purpose because it

2A more exhaustive analysis of the differences between Borjas (1987)’s and our results is presented on section 5.
3The upper middle class selection hypothesis, supported by these authors, has been challenged by Ibarraran and

Lubotsky (2005) using data from the 2000 Census.
4Rotte and Vogler (2000) and Mayda (2010) performed a panel data analysis to analyze the determinants of quantity

of immigration, but this empirical strategy have not been used to analyze the determinants of the average skill level.
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provides data before and after the several restrictions that were imposed predominately after the
World War I . Finally, in contrast with other macro data analysis performed on this subject, our
measure of skill is not based on the occupations that immigrants had in the US or their wages
but instead we use data on the occupations immigrants performed in their origin country, which
reflects better the skill composition if the US labour market take some time to detect and use im-
migrants skills, as suggested by Borjas (1987) and Lafortune and Tessada (2014) among others.5

The remainder of the paper is organized as follows. In Section 2, we present the theoretical
model and his empirical predictions. Section 3 describes the empirical specification to be esti-
mated, section 4 explains the data and section 5 presents the results. Section 6 summarize the
results and concludes.

2 Theoretical Model

In order to theoretically describe the migration phenomena we use a Roy selection model as
in Borjas (1987) but with a fixed mobility cost component as in Chiquiar and Hanson (2005). Also,
following Orrenius and Zavodny (2005), the model considers the fact that self-selected migrants
face liquidity constraints. They are income maximizers so they prefer to live in the country with
higher wages but they should also need to be able to finance the mobility cost in order to migrate.
Thus, the model identifies and analyzes two main factors that determine whether a worker will
migrate or not. First, the worker will migrate only if he has an income gain in doing so, after
considering the relative skill prices between the countries and the mobility cost. We will refer to
this factor as the “economic incentive restriction.” Second, if there is an economic incentive to
migrate the individual must have enough savings to pay for the mobility cost. We will refer to
this factor as the “liquidity constraint restriction”. In addition to this non-stochastic factors, we
consider a random utility shock that reflects personal preferences or heterogenous migration costs.
Even though this feature is common in the most recent literature studying bilateral migration
flows (see for example Beine et al., 2011; Bertoli and Fernández-Huertas Moraga, 2013; Grogger
and Hanson, 2011), its application to the analysis of the average skill level of immigrants is not
straightforward and requires novel calculations of the comparative statics.

2.1 Definitions

Let i = 0, 1 denote the country, where 0 is the origin country and 1 is the destination country.
Then, wi is the present value of the future earnings the potential immigrant can obtain in country
i, x represents the skills of the immigrant, µi is the present value of the earnings net of skill price
in country i and δi is the skill price in country i. Therefore:

ln w0 =µ0 + δ0x (1)

ln w1 =µ1 + δ1x (2)

5The empirical literature on the determinants of migration has also been expanded in other dimensions in re-
cent years. One of these new additions, incrpored in Grogger and Hanson (2011), Beine et al. (2011) and Bertoli and
Fernández-Huertas Moraga (2013), is to consider multiple destination in the modelling as well as the empirical analysis.
Another extension is the addition of savings into a standard model of migration with liquidity constraints (see Djajić,
Kirdar and Vinogradova, 2012, for one example), deriving predictions that are then tested using bilateral migration
rates.
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The migration cost is M and we assume that is fixed and equal for all migrants.
An individual with skills x will want to migrate only if

w0 + ε < w1 −M (3)

where ε is a random utility shock affecting the probability of migrating, which support is [a,+∞.
We will assume that this shock is distributed with a distribution function of g(ε) and a cumulative
distribution function of G(ε), both of which are independent of x. We will assume throughout that
µ0 < µ1.

In contrast to previous papers working with similar models, we make no further assumptions
about migration costs to simplify the economic incentive restriction. For example, Chiquiar and
Hanson (2005) assume that M

w0
= µ− δx in order to obtain a negative relation between this “time

equivalent” expression of the mobility cost and skills. Similarly, Borjas (1987) ascertains that M
w0

is
constant across individuals, thus assuming that richer migrants have bigger monetary migration
cost, which has been widely criticized (see Chiquiar and Hanson, 2005; Jasso and Rosenzweig,
2008; Orrenius and Zavodny, 2005) because there is no intuitive explanation or empirical evidence
to make that claim and even though it simplifies the analysis it is not neutral and affects the
conclusions of the model. Also, while Borjas (1987), Chiquiar and Hanson (2005) and Orrenius
and Zavodny (2005) assume that ln(1 + M

w0
) ≈ M

w0
to simplify their derivations, we directly obtain

our comparative statics from equation (3). This generalization is relevant because the comparative
statics that arise from assuming ln(1 + M

w0
) ≈ M

w0
differ in some cases.

Replacing the earnings equations (1) and (2), we get that the fraction of individuals of skill x
that will migrate is equal to

P(x) = G(w1 − w0 −M) (4)

We can see from this expression that the probability of migration will depend on x in the
following way:

P′(x) = g(w1 − w0 −M)

(
∂w1

∂x
− ∂w0

∂x

)
= g(w1 − w0 −M) (w1δ1 − w0δ0)

that is to say that when δ1 > δ0, the probability of migrating will be strictly increasing in x while
when δ1 < δ0, the probability will first be increasing in x and then may become decreasing for x
large enough. Define x∗ as P′(x∗) = 0, which implies that

x∗ = µ1 − µ0 + ln(δ1/δ0)

δ0 − δ1

It can easily be shown that ∂P(x)
∂µ0

= w0
∂P(x)

∂M < 0. We can also show that there is a maximum skill
level (xmax) above which nobody will ever migrate since in that case, w1(xmax)−w0(xmax)−M =

a.
Once the economic incentives restriction is satisfied, the worker must be able to finance the

migration cost in order to migrate. Let S(w0(µ0, δ0, x)) be the resources available to a migrant
with skills x. Thus, he can only migrate if:

S(w0) > M
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We will denote the minimum level of skills that allow an individual to pay for the migration
cost as xlc > 0. The difference between this liquidity constraint restriction and the one presented
in Orrenius and Zavodny (2005) is that this specification considers the fact that the financing de-
pends on current wages and so an increase in the output6 in the origin country helps the potential
migrant to afford the migration cost. Specifically, ∂xlc

∂µ0
= −1

δ0
< 0 and ∂xlc

∂M = 1
S′(w0)w0δ0

> 0.
Overall, assuming that in a given country the distribution of skills over [0,+∞) is given by

f (x), the average skills of migrants will be given by

x̄ =

∫ xmax

xlc
xP(x) f (x)dx

∫ xmax

xlc
P(x) f (x)dx

where the denominator represents n, the number of migrants.
We can observe that once the two restrictions are taken into account this model suggests that

if the skill price is bigger in the origin country migrants come from the middle part of the dis-
tribution, supporting the intermediate selection evidence found in (Chiquiar and Hanson, 2005;
Mckenzie and Rapoport, 2007; Mishra, 2007; Orrenius and Zavodny, 2005).

2.2 Comparative statics

The model provides us with empirical predictions related to three variables that we can em-
pirically observe: output in the origin country (GDP), migration costs and inequality.

Proposition 1. An increase in µ0 reduces the average skill level of migrants unambiguously if ∂2P
∂µ0∂x ≤ 0

and if the average migrant has worse amount of skill than the population of the sending country with skills
such that they could potentially migrate. The impact on the number of migrants is uncertain.

Proof.

∂x̄
∂µ0

=
1
n

((
xlcP(xlc) f (xlc)

δ0
+
∫ xmax

xlc

x
∂P
∂µ0

f (x)dx
)
− x̄

(
P(xlc) f (xlc)

δ0
+
∫ xmax

xlc

∂P
∂µ0

f (x)dx
))

=
1
n

(
P(xlc) f (xlc)

δ0
(xlc − x̄) +

∫ x̄

xlc

(x− x̄)
∂P
∂µ0

f (x)dx +
∫ xmax

x̄
(x− x̄)

∂P
∂µ0

f (x)dx
)

<
1
n

(
P(xlc) f (xlc)

δ0
(xlc − x̄) +

∂P(x̄)
∂µ0

∫ xmax

xlc

(x− x̄) f (x)dx
)

<
1
n

(
P(xlc) f (xlc)

δ0
(xlc − x̄) + (1− F(xlc))

∂P(x̄)
∂µ0

(E(x|x > xlc)− x̄)
)

The first term of the sum, which reflects the impact of µ0 in the liquidity constraint restriction,
is clearly negative in all cases. Intuitively, this result reflects the fact that an increase in output
in the sending country relaxes the liquidity constraint restriction and thus allows more unskilled
workers to finance the migration cost.

The second term of the sum is an upper bound of the impact of an increase of µ0 that operates
through the economic disincintive to migrate for all potential migrants. This term will be negative

6Changes in the output of the country are going to be represented as changes in the base wage parameters µ0 and
µ1.
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when the average migrant has worse amount of skill than the population of the sending country
that could satisfy the liquidity constraint.

The conditions we have imposed imply that xlc is sufficiently large so that P(x) f (x) is de-
creasing faster in x than f (x), which ensures that we observe negative selection. The additional
condition we have imposed, namely that ∂2P

∂µ0∂x < 0, will be satisfied if g′(ε) is decreasing when
x > x∗. If the liquidity constraint is too low, and in particular when xlc < x∗, the average skill
level of migrants may or may not decrease when µ0 is increasing as our conditions are unlikely
to hold in this case. The impact on the number of migrants is uncertain as can be seen from the
derivative of the denominator of x̄.

Proposition 2. An increase in M has an ambiguous effect on the average skill level of migrants but always
decreases their number.

Proof.

∂x̄
∂M

=
1
n

((−xlcP(xlc) f (xlc)

S′(w0)w0δ0
−
∫ xmax

xlc

xg(ε) f (x)dx
)
− x̄

(−P(xlc) f (xlc)

S′(w0)w0δ0
−
∫ xmax

xlc

g(ε) f (x)dx
))

=
1
n

(
P(xlc) f (xlc)

S′(w0)w0δ0
(x̄− xlc)−

∫ xmax

xlc

(x− x̄)g(ε) f (x)dx
)

As before, the second term will be negative when ∂2P
∂M∂x < 0 and when E(x|x > xlc) > x̄,

but the first term is now positive because an increase in M makes the liquidity constraint more
binding. The overall sign of the equation is thus uncertain. However, the denominator of x̄ is
clearly decreasing in M.

Finally, a change in inequality will affect differently the average skill of migrants and their
number, depending on where xlc is located in the distribution. Define

σ =
∫ ∞

xlc

x2 f (x)dx−
(∫ ∞

xlc

x f (x)dx
)2

that is to say, the variance in the distribution of x in the population of the country of origin. Then,
a change in variance will impact the average skills of workers in the following way:

∂x̄
∂σ

=
1
n

∫ xmax

xlc

(x− x̄)P(x)
∂ f
∂σ

dx

In the case where the liquidity constraint allows only individuals of sufficiently high skill to
migrate, an increase in inequality (understood as a fattening of the tails) would increase the num-
ber of migrants and increase their average quality. This is because if xlc is sufficiently high, we
would expect that ∂ f

∂σ > 0 for all x > xlc. If the liquidity constraint is not so high that the fattening
of the lower tail will include regions of the distribution from which migrants will be drawn, the
number of migrants may fall and their average quality could increase or decrease.

If we were to extend this model to one where the decision to migrate includes, in addition, the
problem of which location to select, our main conclusions would likely remain unchanged. An
increase in the unskilled wage in the home country is likely to induce a decrease in the average
skills of migrants to both destinations and unless this is coupled by a change in the returns to skill
in the two destination country, it should also increase the average skills of migrants that go to
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each destination. A fall in the costs of migration to both of these countries would also generate an
increase in the number of migrants to both countries and still an ambiguous effect on the average
quality of migrants. We thus do not feel that the simplification we made regarding the number
of destinations is likely to change our comparative statics in a significant way, nor invalidate our
empirical results.

How does this model inform the empirical analysis that follows? The comparative statics
we have derived suggest that the impact of each parameter will depend on a number of home
country-specific characteristics as captured by the distribution of skills, the average wage, etc. We
will approximate those using fixed effects for each country, a set of country-specific controls and,
in some cases, country-specific linear trends or the interaction of initial conditions with year fixed
effects. The equations we obtain also suggest that it is important to control for what is happening
in the destination country. We will use time fixed effects to approximate this, as well as any other
shocks to alternative destinations that would impact the sending countries in our sample. Finally,
the theoretical exercise does not suggest a particular functional form for the relationship between
average immigrant skills and our variables of interest. There is no sense that the relationship is
clearly linear or even increasing or decreasing. For this reason, we will evaluate a number of
specifications in the empirical section.

Some further explanations need to be given in translating our model to the data. We will use
proxies for our variables that suffer from some measurement error. To proxy for µ0, we will use
log GDP per capita. This is not the log of the wage of a person with a skill of 0 but is the only
measure we dispose of. However, the evolution of the GDP in capita in a country would differ
from the evolution of µ0 only because of two alternative reasons. The first is that the distribution
of x is changing. If that was the case, however, we anticipate that this would lead our GDP mea-
sure to be positively correlated with the average skills of migrants as the improved skills of the
domestic population would translate into better migrants, ceteris paribus. The only situation in
which a rightward shift in the distribution of x could lower the average skills of immigrants is if
this increase is such that it increases the mass of workers more importantly in the region where the
propensity to migrate is high than where it is low. In our model, since P′(x) < 0, this implies that
the shock would increase the most the number of individuals particularly close to the liquidity
constraint. This is likely to happen only if there is substantial positive selection, something we
will test further on. The second reason why GDP per capita could increase without a change in µ0

is because the returns to skill in the sending country could improve but actually, the comparative
statics for δ0 are relatively similar to those with respect to µ0, making this also a valid interpre-
tation. To proxy for costs, we will use a measure related to the costs of transportation from the
country of origin to the United States. Clearly, moving costs also include additional elements but
we anticipate that these would be positively correlated with our proxy measure.

3 Empirical Model

In order to evaluate the empirical predictions, we use the regression equation:

ln xct = β0 + β1 ln u0ct + β2 ln Mct + β3Cct + φc + θt + εct (5)

Where c represents the country of origin, t a given year and x represents the average skill level
of immigrants. u0ct denotes the output level in the origin country and Mct the migration cost.
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C is a set of control variables representing other relevant factors as political stability, education,
population, trade, and government revenue and expenditure, which will be included in some
specifications. φc and θt are country and time fixed effects and εct is the error term. This functional
form is commonly used in panel data literature. For example, Mayda (2010) performs the largest
panel data analysis on determinants of migration using the same specification. The logarithmic
assumption on the explanatory variables is made to control for changes in percentage as opposed
to levels in GDP so the scale of the country is taken into account and does not distort the analysis.
The logarithmic assumption on the dependent variable allows us to estimate elasticities and semi-
elasticities and thus compare the coefficients associated to the different skill level measures that
we will use. The country and year fixed effects, which represents the main gain from using a
panel data, control for idiosyncratic and unobservable characteristics of each country and year.
The country fixed effects capture the time-invariant cross country variation that affect the skill
level of immigrants as the culture of the country or the persistent component of inequality. On the
other hand, the year fixed effects control for every shock to skill level of immigrants in a particular
year that is common to all the countries. Very importantly, this includes the economic conditions
in the US, that are very relevant for the economic incentives component of the migration decision
as our model suggests.

In order to test the cross country effect of persistent inequality we will use the country fixed-
effects estimated in the equation (5):

φ̂c = β4 + β5σ2
c + ec (6)

This methodology of identification in two stages is based on the fact that country fixed effects
capture the cross-country differences in skill level that are not explained by the independent vari-
ables on the first stage7. This empirical setting resembles the more informal analysis performed by
Borjas (1987) to test his empirical prediction about the effect of inequality over immigrants’ skill.

In an ideal empirical model, we would like to test the effect of inequality on immigrants’ skills
using not only cross country variation but also time variation, allowing us to use the fixed ef-
fects in order to control for non observables related to the specific periods or origin country. That
strategy would require “flow” inequality data as skill prices or alternatively an inequality by co-
hort measure taken out of an age-cohort-period decomposition, because the “stock” inequality as
measured by Gini is very persistent over time and does not capture much underlying variation of
inequality over time. Because there is no inequality data (either “flow” or “stock”) for such an old
time span, and given that inequality is very persistent, we use modern cross-country inequality
data to perform this empirical exercise and are thus cautious in the interpretation of the results.

4 Description of the Data

Having described the empirical strategy, we now turn to the construction of the variables of
interest. The empirical strategy presented above requires annual GDP and political stability vari-
ation at the country level. This reduce our sample to 39 countries for which such data is available.
Even though many countries are left out of the sample, the 39 countries included represent ap-
proximately 92% of the total immigrant flow in the period, as they included all the large European

7This also implies that there is no point in including those controls in the second stage regression.
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countries and the largest American and Asian countries (see Appendix A.1 for a list of the coun-
tries included).

Amount and skill level of immigrants (x). Quantity and skill level of immigrants for each
country were taken from the Report of the Commissioner of Immigration (henceforth RCI), which
corresponds to administrative data presented as summary tables based on questionnaires that
every immigrant had to answer at departure from the origin country or at their arrival to the US8.
The RCI was published annually from 1899 to 1932 (except for 1931) and provides data on the
ethnic origin and on self-reported occupation that each immigrant performed before migrating.
This data is useful to evaluate our empirical question because, in contrast with other macro data
used in the literature which used occupations or wages of the immigrants had in the US, the RCI
allows us to measure the quality of the occupations immigrants had before they arrived to the US.
This is a better measure of actual skills if, as suggested by the literature (Borjas, 1987; Lafortune
and Tessada, 2014), the immigrants take some time to assimilate to the US labour market and also
the US labour market takes some time to identify or use the skills of immigrants. Furthermore,
the time span covered by the data gives us the rare opportunity to characterize the self-selection
process in an open gate environment, because before the restrictions on immigration imposed
in the 1920s, immigrants from most countries had no major obstacles entering the US, so the only
factors determining the characteristics of immigrants were whether they had incentives to migrate
and the means to afford it. This feature of the period also validates the self-reported information
as there were no incentives to lie about past occupation.

Despite of the advantages of the RCI data, there are challenges related to the adaptation of
the data to our empirical design. First of all, occupational data must be matched with some skill
level indicator. For this purpose, we use the occupational standing variables from the United
States Census as presented in the Public Use Micro Sample (henceforth IPUMS). These variables
are quality measures associated to the occupational classification of the 1950 United States Census.
The basis for each quality score and the source data are presented in Table 1. In Table 2, we can see
the correlation between these variables for individuals included in the 1900, 1910, 1920 and 1930
US census. The first three variables, associated more strongly to income and prestige, and the last
three variables, associated to education and earnings, have large correlation between them and
smaller ones with the other three variables. This distinction will be useful in the empirical results
analysis.

8This database was previously digitalized by Lafortune and Tessada (2014).
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Table 1. Occupational Standing Variables Description

Variable Label Basis of score Source data

occscor Occupational Income Score Income 1950 census

sei Duncan Socioeconomic Income, Education, 1950 census
Index Prestige 1947 surveys

presgl Siegel Prestige Score Prestige 1960s surveys

erscor50 Occupational Earnings Score Earnings 1950 census

edscor50 Occupational Education Score Education 1950 census

npboss50 Nam-Powers-Boyd Earnings, Education 1950 census
Occupational Status Score

Table 2. Correlation Between Occupational Standing Variables

Corr occscore sei presgl erscor50 edscor50 npboss50
occscore 1

sei 0.9244 1
presgl 0.9374 0.9556 1

erscor50 0.8555 0.8203 0.8695 1
edscor50 0.766 0.8047 0.8411 0.9533 1
npboss50 0.8586 0.8746 0.8992 0.9877 0.9696 1

Before applying these quality measures to our occupational information, we must match the
occupations from the RCI to the occupation classification of 1950 census. To accomplish that we
used the matching constructed by Lafortune and Tessada (2014)9. Another challenge is presented
by the fact that the information taken from RCI data is aggregated at ethnic group level and the
GDP, cost and control variables are measured at a country level. The approach we took is to
transform ethnic group level occupational data to country level data. In order to do that we used
again the matching between countries and ethnic group done by Lafortune and Tessada (2014).
Provided that there is more than one country matched to each ethnic group, we divided the flow
of the ethnic groups between its corresponding countries calculating, for each occupation and year,
the share of the total inflow of an ethnic group that corresponds to a particular country according
to the IPUMS data. That is, we measured in IPUMS the amount of immigrants from each country
and occupation that arrived in a particular year, aggregated them into ethnic groups, and then
calculated the shares of each country. Then, we used the shares for each year and occupation to
divide the inflow of an ethnic group that appear on the RCI data on countries. This methodology
is assuming that immigrants that stayed in the US, and thus appeared in the decennial census,
are randomly selected from each country inside an ethnic group, so the shares that appear in the
IPUMS are a good approximation of the actual shares at the time of entrance to the country. As
an alternative methodology, we used the same shares calculated for each country-year-occupation

9For some of the RCI occupations there were more than one 1950 census occupations. In those cases, we take the
average of the quality measures associated to the different 1950 census occupations. The empirical results are robust
to wether we calculate a simple average or a weighted average that consider the amount of immigrants in each 1950
census occupation.
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to aggregate the independent variables at ethnic group level. The differences between these two
methodologies are explained in the empirical results section.

Besides the information on the occupation of the migrant, the RCI categorize each occupation
as professional, skilled or unskilled10. Figure 1 presents the total flow divided by skill level of all
the immigrants for each year. This aggregated data give us a broad understanding of the immigra-
tion process that is the subject of this study. The first important feature of this data that is worth
mentioning is the big fall in total flow that happened between 1890 and 1898. Even though we
have missing data between 1893 and 1897, the low levels of immigration flows in 1891, 1892 and
1898 confirm the historical finding that the US bad economic conditions of the 1890s11 made mi-
gration to the US undesirable (O’Rourke and Williamson, 1999). After that slum, from 1899 to 1914
we observe a big wave of immigration that is dramatically interrupted by World War I (henceforth
WWI). Another historical event that had evident impact on immigration is the Johnson-Reed Act
of 1924, that imposed restrictive quotas on immigrants from all countries, specially from eastern
Europe and Asia. These quotas had an effect on the flow of immigrants of the three skill levels,
not only on unskilled immigrants.

Figure 1. Total, Professional, Skilled and Unskilled Flow for each year

Stock of Migrants by Ethnic Origin. The RCI data provides not only data on immigrants but
also on out migration of returning migrants for each ethnicity and year from 1909 on12. In com-
bination with the US Census micro samples (IPUMS), we can use this inflow and outflow data
to construct the stock of migrants from a specific ethnic origin living in the US at the beginning

10Professionals include all individuals with what would be similar to a university degree (Engineers, Doctors, Pro-
fessors, etc). Skilled individuals refer to skilled tradesmen such as carpenters, jewelers, dressmakers. Unskilled are
farmers, service workers and general labormen.

11In particular, the recession of 1890-1891 and the panic episodes of 1893 and 1896.
12Return migration data from the RCI were used by Greenwood and Ward (2014) to estimate temporary migration

patterns.
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of each year. In order to do that we take from IPUMS the stock in 1910, 1920 and 1930 for each
ethnicity and add the net inflow (inflow minus outflow) of each year to calculate next year stock
(US Census were taken approximately at the beginning of each year). As we can see in Table 3,
this procedure give us an estimation of the decennial net inflow that is not necessarily precise
according to the next decade census, because it does not account for mortality and births on the
destination country and may be affected by measurement error. To account for that estimation
error of the net inflow, we take the difference between the RCI predicted stock at the beginning of
each decade and the stock presented in the census and we assign one tenth of that difference to
the net inflow of each year of the preceding decade. With that procedure, the predicted stock is
now the same that the stock presented in the census and there is no jump in the stock estimation
at the end of each decade.

Table 3. Comparison of stock measures for ethnicities using IPUMS and RCI data

Ethnicity Stock Stock RCI/IPUMS Stock Stock RCI/IPUMS
IPUMS 1920 RCI 1920 1920 IPUMS 1930 RCI 1930 1930

Czechoslovakian 387,010 187,960 49% 485,836 401,133 83%
Bulgarian, Croatian, 167,227 144,289 86% 213,076 130,707 61%
Dalmatian
Chinese 57,194 72,342 126% 47,580 37,704 79%
Dutchand 195,674 209,163 107% 199,132 215,517 108%
East Indian 5,190 6,726 130% 5,702 4,966 87%
English 2,073,970 2,293,702 111% 1,763,634 2,285,777 130%
Finnish 148,169 169,784 115% 141,872 154,039 109%
French 150,993 199,817 132% 509,064 270,611 53%
German 2,314,295 4,046,803 175% 2,085,135 2,607,837 125%
Greek 165,256 214,122 130% 178,566 146,590 82%
Irish 1,026,345 1,545,969 151% 914,750 1,273,017 139%
Italian 1,605,368 1,661,964 104% 1,808,457 1,654,809 92%
Russian, Lithuanian 1,551,461 1,924,758 124% 1,395,002 1,638,126 117%
Magyar 365,479 499,267 137% 271,799 354,341 130%
Mexican 499,547 293,887 59% 643,297 771,759 120%
Polish 1,243,756 427,024 34% 1,271,945 1,197,748 94%
Portuguese 117,140 114,220 98% 110,376 124,201 113%
Romanian 106,645 105,694 99% 143,008 100,404 70%
Scandinavian 1,175,938 1,454,757 124% 1,116,775 1,322,976 118%
Scotch 272,265 365,171 134% 352,145 427,663 121%
Spanish 54,233 57,064 105% 54,204 72,795 134%
Spanish American 27,058 23,659 87% 45,397 38,172 84%
Welsh 74,653 93,544 125% 61,246 82,925 135%

Total (Avge. when %) 13,784,865 16,111,683 110% 13,817,995 15,313,818 104%

With this ethnic stock measure, we assign to each country the stock of the ethnic group corre-
sponding to the country, so two countries can be associated with the same ethnicity stock. Pro-
vided the limitations of the return migration data and the missing observation of 1931, this vari-
able is constructed only from 1910 to 1930.

Migration Cost (M). This variable is constructed using the distance to the US multiplied by the
freight rate (cost of delivering a cargo from one point to another) of transporting commodities to
Europe from the closest route for each country and period taken from Mohammed and Williamson
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(2004)13. Figure 2 shows the average migration cost for each period. Coherently with the fall on
immigration flow during the WWI observed in Figure 1, freight rates during that period had a
huge spike reaching a peak in 1917, followed by a normalization. Omitting this shock, the graph
suggests a strong decline in immigration costs until WWI.

Figure 2. Average Migration Costs for each year

GDP per capita (µo). We took Purchasing Power Parity GDP per capita data available from Mad-
dison’s “Historical Statistics of the World Economy” and from Barro and Ursúa (2010) Macroeco-
nomic data. In order to match both databases we took both samples to the same base year (2006 is
100) and maintain the integrity of the data for each country so there is no mix data for one country.
One concern about using GDP per capita is that workers react to wage differentials between the
origin and destination countries and GDP may not necessarily be strongly correlated with wages
in the presence of wars or other economic circumstances. In order to address this concern, we
use data on European wages14 for our period of study from Williamson (1995) and calculate the
elasticity of wages to changes in GDP. The estimated elasticity of wages to GDP is 0.44 with a
0.066 standard deviation. This result confirms that GDP and wages are positively and strongly
correlated.

13Even though the routes are linked to Europe, the freight rates are correlated to mobility costs because as explained
in Mohammed and Williamson (2004) the freight rates were determined in an important way by supply and demand
conditions on the destination port. For European countries, the associated freight rate is taken from the Europe-East
North America Route. For some routes, we were missing observations in the WWI period. In those cases, we take the
variation of the freight rate of the closest route with available data to calculate the missing freight rate data.

14The European countries included are Belgium, Canada, Denmark, France, Germany, Ireland, Italy, Netherlands,
Norway, Portugal, Spain, Sweden and United Kingdom.
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Inequality (σ2). This variable is estimated using the inequality data from Deininger and Squire
(1996) database. This dataset encompass all the inequality data that is available from different
sources. As it was stated in the presentation of the empirical model, there is no inequality data
for the time span of our study so we proxy the Gini of each country using the first available Gini
data.15 This methodology relies on the persistence of the stock inequality measures to assume that
Gini data from mid XXth century is a good approximation of Gini on early XXth century. This
measurement error should attenuate the coefficients estimates.

Controls (C). We control for political stability in every regression using a participation in
international wars dummy from the Correlates of Wars Project and a level of democracy indica-
tor (polity2) taken from the polity IV database. This democracy level indicator range from -10
(hereditary monarchy) to +10 (consolidated democracy). In some specifications, we also control
for education (primary education enrollment and secondary education enrollment), population,
trade per capita, and government revenue and expenditure per capita. These variables were taken
from the CNTS (Cross-National Time-Series) data.

5 Empirical Results

Our theoretical model makes predictions regarding the impact of output, mobility costs and
inequality over average skill level and quantity of immigrants. In Table 4 we present the results
of estimating our empirical model with the six described measures of average skill level as the
dependent variable and Table 5 shows the results for total quantity and professional, skilled and
unskilled immigrants quantities. Both tables describe the impact of GDP and migration cost from
different angles and in particular Table 5 allows us to understand the underlying changes in quan-
tities that drive the changes in average skill level. We include the interaction between GDP and
cost to analyze if both factors are interrelated. For the interactions terms the logarithm of GDP
and the logarithm of cost are expressed as difference to the mean of those logarithms for the
whole sample, in order to maintain the coefficient of the main effect unaltered16 The second stage
regressions that evaluate the impact of inequality are presented in Table 6 and A.2.

The results in Table 4 shows that for the three first occupational standing variables, associated
with income and prestige, and for the educational score, an increase in GDP per capita decreases
significantly the average skill level of migrants. For the other two variables, associated with earn-
ings and education, the result is the same sign but it is not statistically significant. This is consistent
with the theoretical finding that an increase in origin’s country output decreases the economic in-
centives for high-skilled individuals to migrate and relax the liquidity constraint, resulting in more
low-skill individuals migrating if the liquidity constraint is binding. The magnitude of the esti-
mated income elasticities ranges between a 0.9% to a 0.34% decrease in the occupational standing
scores as a response to a 1% increase in GDP per capita. Qualitatively, this empirical finding is
coherent with micro data evidence from Orrenius and Zavodny (2005) who find the same rela-
tion between output and skill level using variation between regions in Mexico. In contrast, Borjas
(1987) using a cross country analysis find that countries with bigger GDP per capita have better

15In Table A.1 we show the countries included in the sample with the value of the first Gini in the data and the year
for which it is computed.

16By taking differences to the mean in the interaction term the coefficients of the main effect of GDP and cost are
the same that the ones estimated from a regression without the interaction term. For this reason we do not present the
results for the interaction terms for the empirical exercises.

15



Table 4. Skill Level Regressions

(1) (2) (3) (4) (5) (6)
VARIABLES logoccscore logsei logpresgl logerscor50 logedscor50 lognpboss50

logGDP -0.10** -0.21*** -0.09*** -0.02 -0.34** -0.04
(0.04) (0.06) (0.03) (0.09) (0.16) (0.08)

logcost -0.01 0.00 -0.01 0.04 -0.02 0.02
(0.04) (0.05) (0.03) (0.06) (0.12) (0.05)

logGDP*logcost 0.02 0.05 0.03* 0.05 0.11 0.04
(0.02) (0.03) (0.02) (0.07) (0.09) (0.07)

Observations 1,028 1,028 1,028 1,028 1,028 1,028
R-squared 0.69 0.77 0.66 0.68 0.78 0.71
*** p<0.01, ** p<0.05, * p<0.1

Notes: Clustered standard errors at a country level. Controls for democracy level, international wars and year and
country fixed-effects are included. The dependent variables are the average score in occupational standing variables
(see Table 1). An observation correspond to a country in a year.

wages in the US. The differences between these two results may be explained by the fact that
wages in the US can correlate better with skill for richer countries with similar production struc-
tures17 or by unobservables that a cross-country design is not able to capture.

In order to identify which of the mechanisms presented in the model are actually explaining
the results of Table 4, Table 5 shows the correlation of our explanatory variables with the quantities
and shares of professionals, skilled and unskilled individuals that immigrate from each country.
An increase in GDP raises the total amount of immigrants of all skill levels, implying that the
liquidity constraint restriction is important and is binding not only for unskilled workers but also
for some skilled and professional workers. Nevertheless, the increase in the inflow is bigger and
statistically significant for unskilled workers, suggesting that the liquidity constraint restriction is
more important for them. An implication of this result is that it confirms that, as considered in
our model, an increase in GDP in the origin country helps financing the mobility costs, because
all other mechanisms by which GDP has an impact suggests that GDP decreases the quantity of
migrants. Thus, while supporting our modeling strategy this result cannot be rationalized with
neither Borjas (1987) or Orrenius and Zavodny (2005) models.

A potential issue with the interpretation of these results is the possibility that changes in GDP
reflect shifts in the skill distribution instead of changes in base wages or the skill premium. As
stated in the model section, an increase in the average skill level of the population implies a larger
average skill level of the migrants, unless there is a substantial positive selection. In order to
evaluate if the negative effect of GDP over the average skill level is attenuated or reversed in
countries where there is a higher share of skilled migrants, we include in our main regressions an
interaction of GDP with a dummy for countries who send a large share of high-skilled workers18.
The results, available upon request, show that the interaction is not significative, which indicates
that shifts in the underlying distribution are not driving our results.

17This reasoning is made by Borjas (1987) to explain the cross country variation in the correlation between origin
and destination wages.

18The criterion we use to label a country as high skill is that the share of professional workers is larger than 20%.
The results are robust to consider different cutoffs.
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Table 5. Quantities and Shares Regressions

(1) (2) (3) (4) (5) (6) (7)
VARIABLES log total flow share share share log total flow log total flow log total flow

professionals skilled unskilled professionals skilled unskilled

logGDP 0.99** -0.00 -0.05 0.05 0.09 0.71 1.05**
(0.45) (0.02) (0.05) (0.05) (0.23) (0.44) (0.49)

logcost -0.33 0.00 0.01 -0.01 -0.30 -0.35** -0.44*
(0.23) (0.01) (0.04) (0.04) (0.18) (0.15) (0.26)

logGDP*logcost 0.30 -0.04* 0.06* -0.02 0.60 0.56 0.34
(0.66) (0.03) (0.03) (0.05) (0.40) (0.61) (0.72)

Observations 1,028 1,028 1,028 1,028 1,028 1,028 1,028
R-squared 0.85 0.60 0.61 0.70 0.87 0.86 0.83
*** p<0.01, ** p<0.05, * p<0.1
Notes: Clustered standard errors at a country level. Controls for democracy level, international wars and year and
country fixed-effects are included. The dependent variables are quantities and shares of immigrants for each skill
category. An observation correspond to a country in a year.

The coefficients for migration cost in Table 4 show that an increase in migration costs does not
have a significant impact on average skill level. In the second row of Table 5 we can appreciate
that, as theoretically expected, migration costs affect negatively the quantity of immigrants from
all skill levels, but the shares of each skill level in the total flow are not altered and thus there
is no aggregate effect on average skill level. This result may explain why Borjas (1987) find that
distance to the US, which is the time invariant component of our mobility cost, has no significant
effect over the wages on the US of the immigrants. In contrast, Orrenius and Zavodny (2005)
find that migration costs increase the average skill level. The difference in both results does not
necessarily implies that one of the results is empirically wrong as in theory a negative, neutral,
or a positive effect can be found depending on the relative relevance of the liquidity constraint
restriction and the economic incentives restriction in the time period and countries of analysis.
However, our results are consistent with our theoretical model.

The results for the interaction in Tables 4 and 5 show that in countries with largest migration
costs an increase in GDP induce an even larger positive effect on quantity of migrants from all
skill level, but as expected as the migration costs get larger an increase in GDP has a stronger
effect on skilled people, because they are more affected by liquidity constraints in these countries
with larger migration costs.

Second Stage: Gini Regressions. Table 6 shows the regression of the country fixed effects
estimated by the Skill level and Quantities Regressions for 1899-1932 (Table 4 and 5) against a
proxy of the Gini of each country.19 The results indicate that more unequal countries provide
immigrants with a higher skill level. In terms of our empirical predictions, this would be the case
if the reduction in low-skilled migrants is more important in terms of the average skill level than
the reduction on high-skilled migrants. Also, as presented in column (1), Gini appears to have
a strong negative effect over the total flow of migrants which is what the model predicted if the

19Regressions are weighted by the inverse of the standard deviation estimated for each fixed-effect to account for the
fact that the dependent variable is an estimation (this increase the standard deviation but does not affect the coefficients
estimation).
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liquidity constraint is binding and the economic incentives to migrate for high-skilled individuals
decrease.

Table 6. Fixed Effects Regressions on Gini

(1) (2) (3) (4) (5) (6) (7)
VARIABLES log Total logoccscore logsei logpresgl logerscor50 logedscor50 lognpboss50

Flow FE FE FE FE FE FE FE

Gini -0.10*** 0.01*** 0.02*** 0.00** 0.02*** 0.03*** 0.02***
(0.03) (0.00) (0.00) (0.00) (0.01) (0.01) (0.01)

Constant 8.38*** -0.77*** -1.31*** -0.49*** -1.37*** -2.79*** -1.40***
(0.94) (0.10) (0.16) (0.07) (0.21) (0.38) (0.20)

Observations 38 38 38 38 38 38 38
R-squared 0.28 0.17 0.19 0.11 0.24 0.20 0.28
*** p<0.01, ** p<0.05, * p<0.1

Notes: Robust Standard Errors in parenthesis. The dependent variables are the country fixed effects estimated in the
regressions presented in Table 4 and Table 5 . The regressions are weighted by the inverse of the standard deviation
estimated for each fixed-effect to account for the fact that the dependent variable is an estimation (this increase the
standard deviation but does not affect the coefficients estimation). An observation correspond to a country.

This kind of simple exercise is analogous to the one that Borjas (1987) uses to confirm his
hypothesis that bigger inequality implies less skilled immigrants. Nevertheless, we should be
careful with interpreting these results as conclusive evidence, because we are only using cross
country data on income inequality (as opposed to skill inequality) that does not allow us to control
for country unobservables as we have done in the previous regressions. In order to address this
concern, in appendix A we incorporate controls for plausible covariates of skill level in the first
stage (skill level regressions) so the country fixed effects variation does not reflect variation in
these variables. Specifically, we add controls for education (primary education enrollment lagged
by 9 years and secondary education enrollment lagged by 5 years), population, trade per capita,
and government revenue and expenditure per capita. The results are unchanged.

The role of stock of migrants in the US. As emphasized by Carrington et al. (1996), one of
the most important dynamic aspects of the migration process is the fact that migrants generates
networks in the destination countries that reduce the migration costs for the following waves of
immigrants. This fact has also been empirically described by Munshi (2003) and Lafortune and
Tessada (2014). Our panel data design and the availability of a measure of the stock of migrants
from a specific ethnic origin give us a remarkable opportunity to test these network channel at
an aggregate country level. Theoretically, if networks reduce the mobility cost then an increase
in the stock of migrants from an ethnic origin should increase the number of migrants. Despite
the fact that the stock variable is only available from 1910 to 1930, this prediction is confirmed
by Tables 7 and 8. In particular, we observe that an increase in stock increases the total quantity
of migrants from all skill levels but this positive effect is bigger and statistically significant for
unskilled workers, so the average skill level decreases. According to Beine et al. (2011), the same
results apply to modern migration to the OECD countries, suggesting that the network channel
has been an important feature of the migration phenomena throughout history and in particular
bigger networks implies more but less educated immigrants.
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Table 7. Skill Level Regressions

(1) (2) (3) (4) (5) (6)
VARIABLES logoccscore logsei logpresgl logerscor50 logedscor50 lognpboss50

logGDP -0.16** -0.22*** -0.11** -0.27** -0.53*** -0.23**
(0.07) (0.08) (0.05) (0.11) (0.19) (0.10)

logcost -0.03 -0.05* -0.04* -0.05 -0.17** -0.05
(0.03) (0.03) (0.02) (0.06) (0.08) (0.06)

logstock -0.05 -0.14** -0.07* 0.04 -0.18 0.01
(0.04) (0.06) (0.03) (0.08) (0.11) (0.07)

Observations 663 663 663 663 663 663
R-squared 0.69 0.78 0.65 0.70 0.76 0.72
*** p<0.01, ** p<0.05, * p<0.1

Notes: Clustered standard errors at a country level. Controls for democracy level, international wars and year and
country fixed-effects are included. The dependent variables are the average score in occupational standing variables
(see Table 1). An observation correspond to a country in a year.

Table 8. Quantities and Shares Regressions: 1910-1930

(1) (2) (3) (4) (5) (6) (7)
VARIABLES log total flow share share share log total flow log total flow log total flow

professionals skilled unskilled professionals skilled unskilled

logGDP 1.16** -0.05** 0.01 0.04 0.11 1.09*** 1.24**
(0.45) (0.02) (0.05) (0.05) (0.18) (0.37) (0.50)

logcost 0.03 -0.02 -0.02 0.04 -0.15 -0.12 -0.04
(0.17) (0.01) (0.03) (0.03) (0.11) (0.18) (0.28)

logstock 0.48* 0.00 -0.07** 0.06* 0.21 0.17 0.58*
(0.26) (0.02) (0.03) (0.04) (0.14) (0.22) (0.31)

Observations 663 663 663 663 663 663 663
R-squared 0.87 0.59 0.57 0.68 0.88 0.87 0.84
*** p<0.01, ** p<0.05, * p<0.1
Notes: Clustered standard errors at a country level. Controls for democracy level, international wars and year and
country fixed-effects are included. The dependent variables are quantities and shares of immigrants for each skill
category. An observation correspond to a country in a year.

Restrictions Impact Assessment. The first important restriction imposed in the period under
study is the Chinese Exclusion Act of 1882 that prohibited all immigration of Chinese low-skilled
workers (O’Rourke and Williamson, 1999). The prohibition was a reaction to the strength in com-
petition of the supply of low-skilled workers in California. The next important restriction imposed
was the 1917 Immigration Act20. This act excluded from entry immigrants from all the countries
inside the “Asian Barred Zone” that included all the major countries of Asia with the exception
of Japan and the Philippines. Later, in 1921, a new Immigration Act aimed at reducing the inflow

20A good account on the history of restrictions in this period can be found at the US government official web page
http://history.state.gov/milestones/1921-1936/ImmigrationAct .
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from eastern and southern Europe by the imposition of quotas that were calculated as a 3% of
the foreign-born population from each country that appeared in the 1910 census. These quotas
were more restrictive for the late waves of immigration that came from southern and eastern Eu-
rope and that in 1910 had not yet settled massively in the US. Finally, in 1924 the Johnson-Reed
Act of Immigration recalculated the quotas as a 2% of the population with foreign origin21 from
each country that appeared in the 1890 census and prohibited the entry of Japanese low-skilled
workers. This final Immigration Act, that was not revised until 1952, restricted immigration from
all the countries in Europe. In contrast, none of these immigration acts were imposed over Latin
American countries.

Using these historical data we construct a dummy that indicates for each country the years
after which binding restriction were imposed on immigration. Thus, China start being restricted
after 1882, Asian countries excluding Japan start being restricted after 1917, Eastern and South-
ern European countries start being restricted after 1921 and finally the rest of Europe and Japan
start being restricted after 1924. In Table 9 the effects of the restrictions can be clearly seen. As
expected, restrictions decreased strongly the total flow of unskilled and skilled while the flow of
professionals increased.

Table 9. Descriptive Statistics for restricted and unrestricted observations

Total flow Total flow Total flow Total flow
Professionals Skilled Unskiled

Not Restricted 9666.6 197 1940.5 7529
Restricted 4178.8 243.3 1186.7 2748.8
Total Average 8906.9 203.4 1836.2 6867.3

In Table 10, we use this dummy to estimate the impact of our determinants in an environment
free of restriction and to asses the effect of regulation over the selection process and over the effect
of the determinants. In order to do that, interactions with the logarithm of GDP and the loga-
rithm of mobility cost are included. The first two rows confirm that our main results represents
the selection process that took place when no restriction are imposed over immigration. Also,
the point estimates of the restriction dummy coefficients suggest that the restriction increases the
average skill level but only with statistical significance for the education measure, which may
reflect the fact that the restrictions focused on literacy and other measures of formal education.
Finally, restrictions do not reverse the negative effect of GDP over average skill level, suggesting
that the liquidity constraint restriction is, if anything, more relevant in a restricted environment
for immigrants.

21The new calculations included US natives with foreign origins, not only foreign-born immigrants.
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Table 10. Skill Level Regressions with Dummy for Restricted Countries

(1) (2) (3) (4) (5) (6)
VARIABLES logoccscore logsei logpresgl logerscor50 logedscor50 lognpboss50

logGDP -0.08* -0.17*** -0.07** 0.00 -0.26 -0.02
(0.04) (0.05) (0.03) (0.11) (0.16) (0.10)

logcost -0.01 0.00 -0.01 0.03 -0.02 0.02
(0.04) (0.04) (0.03) (0.06) (0.11) (0.05)

drestricted 0.61 0.95 0.61 1.73 2.75* 1.70
(0.52) (0.83) (0.41) (1.18) (1.62) (1.09)

logGDP*drestricted -0.12 -0.23 -0.09 -0.44 -0.67 -0.41
(0.14) (0.17) (0.09) (0.42) (0.43) (0.39)

logcost*drestricted -0.02 -0.01 -0.03 -0.06 -0.07 -0.07
(0.04) (0.08) (0.04) (0.09) (0.13) (0.09)

Observations 1,028 1,028 1,028 1,028 1,028 1,028
R-squared 0.70 0.79 0.68 0.69 0.79 0.71
*** p<0.01, ** p<0.05, * p<0.1

Notes: Clustered standard errors at a country level. Controls for democracy level, international wars and year and
country fixed-effects are included. The dependent variables are the average score in occupational standing variables
(see Table 1). An observation correspond to a country in a year.

Regressions Using IPUMS Data. There are two main differences between using IPUMS oc-
cupational data and using, as in the previous regressions, the RCI administrative data. First,
immigrants that appear in the decennial US census are the ones that stayed in the country while
RCI data capture all the immigrants that arrived to the US. Hence, IPUMS data reflects in part the
return migration selection process. Second, occupational data from IPUMS describe the occupa-
tions that immigrants had on the US, while the RCI data contains information on the occupations
immigrants performed in their origin country. In Table 11 we observe that when IPUMS data is
used to construct the dependent variables our explanatory variables do not have an effect over
the average occupational scores of immigrants in the United States. This important difference
with our previous findings cannot be entirely attributed to return migration, because the return
migration decision, even if is determined by similar variables, is made in a different timing than
the original migration decision. Thus, it is unlikely that the return migration selection reverses
the original selection process in such a way that we no longer can identify the effects of the deter-
minants of the migration decision. Furthermore, the empirical literature about return migration
(Aguilar Esteva, 2013; Ambrosini and Peri, 2012; Coulon and Piracha, 2005) found mixed evidence
on whether the return migrants are the less or more skilled, but never make any links between the
determinants of the original migration decision and this issue.

Another hypothesis is that the determinants of the migration decision have no effect on the
average occupational scores because the occupations that immigrants had on the US were not
reflecting their skills. This would be the case if the US labour market is not able to recognize or use
the immigrants skill once they arrived but only after an assimilation process. This hypothesis was
proposed and empirically confirmed by Borjas (1987) and more recently by Lafortune and Tessada
(2014). Thus, the results presented in Table 11 can be interpreted as suggestive evidence of the
existence of an assimilation process in which the US labour market is not able to take advantage
of the immigrant skills. Moreover, these results demonstrate that using occupations of migrants
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in the US as a measure of skill level may lead to wrong conclusions.

Table 11. Skill Level Regressions using IPUMS data

(1) (2) (3) (4) (5) (6)
VARIABLES logoccscore logsei logpresgl logerscor50 logedscor50 lognpboss50
logGDP 0.04 -0.06 0.10 0.04 -0.12 -0.02

(0.08) (0.10) (0.13) (0.14) (0.27) (0.12)
logcost -0.07 -0.07 -0.05 -0.02 0.10 -0.01

(0.07) (0.10) (0.06) (0.13) (0.14) (0.11)

Observations 944 944 944 944 944 944
R-squared 0.36 0.39 0.26 0.30 0.27 0.35
*** p<0.01, ** p<0.05, * p<0.1

Notes: Clustered standard errors at a country level. Controls for democracy level, international wars and year and
country fixed-effects are included. The dependent variables are the average score in occupational standing variables
(see Table 1). An observation correspond to a country in a year.

Robustness Checks. In order to address potential endogeneity problems with the estimation
of a causal impact of GDP over skill level (our measure of mobility cost is exogenous), in ap-
pendix B we add controls for variables that can affect both the GDP of a country and its average
skill level. Specifically, we add controls for education (primary enrollment lagged by 9 year and
secondary enrollment lagged by 5 years22), population, international trade per capita and govern-
ment revenue and expenditure per capita. Also, we use one lag of GDP instead of GDP to avoid
the possibility of reverse causality. In Table B.1 the results for the main specifications the we have
analyzed are presented focusing on one skill level measure for presentation purposes23. Even
though there is an important loss of observations that increases the standard deviation of the coef-
ficients, the point estimates are confirmed, suggesting that our results are not driven by omission
of these variables. We do lose statistical significance however. The addition of lags and controls for
possible confounding variables do not dismiss all sources of potential endogeneity. Nevertheless,
the fact that our main results qualitatively survive to these exercises is indicative that the results
are explained by the proposed mechanism and not by other plausible interpretations.

Another robustness check consists in repeating the analysis but at an ethnicity level instead of
country level. Instead of decomposing the dependent variable as was done before, we aggregated
the independent variables from a country level to an ethnicity level using the same shares. There
are two main differences between these methodologies that made the country level data prefer-
able. First, at a country level data we have more observations and if GDP or political stability
data is missing, we only miss that individual country observation. At an ethnicity level data, if
one of the countries corresponding to that ethnicity have missing GDP data, we lose the whole
ethnicity observation for that year, because we cannot compare across time between weighted
sums of different countries. Second, considering that the shares are constructed imperfectly using
information only about the immigrants who stayed (IPUMS data), if we have measurement error
in the dependent variables, as we do at a country level, we only loose statistical significance as
the dependent variable has more error but we do not introduce bias in the coefficient estimation.

22The results are robust to incorporating different lags.
23We select the sei occupational standing variable because it has the biggest correlation with the rest of the occupa-

tional standing variables but the results are the same with the other skill measures.
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If we use the data at an ethnicity level, we have bigger measurement error in the dependent vari-
able and that leads to attenuation bias in the estimation of the coefficient, so the point estimation
should be closer to 0.

The skill level regressions at ethnic group level are presented in Table C.1 and Table C.2 on
the Appendix C. The results for GDP are still negative and significant for most specifications but
the point estimates are smaller, which is to be expected because of the aforementioned attenuation
bias. The results for migration costs differ and we have that at an ethnicity level the regressions
show that the average skill level increases as a response of bigger migration costs because the
quantity of unskilled migrants decreases the most. As we have argued, the effect of mobility cost
on average skill level is theoretically ambiguous and it depends on the relative importance of both
restrictions in the specific country and period. Since the regressions at an ethnic group level do not
aggregate the information of all the observations that we have at a country level, it is possible that
the selection of the observations that can be aggregated at an ethnic group level is the reason why
both results differ. To evaluate this possibility, in Table C.3 we show the regressions at a country
level that only includes the observations that can be aggregated at an ethnic group level. As we
can see, the results for migration costs at a country level are now consistent with the results at an
ethnic group level, supporting our reasoning. These results again emphasizes the importance of
liquidity constraints as a larger migration cost would make it more difficult for low-skill migrants
to pay for their move, increasing the average skill level of migrants.

An empirical exercise that is necessary to validate our empirical strategy is to consider the fact
emphasized by Bertoli and Fernández-Huertas Moraga (2013) that changes in relevant variables
of other possible destinations must be considered when analyzing the inflow of immigrants to
one particular country, a phenomenon named by Bertoli and Fernández-Huertas Moraga (2013)
as “multilateral resistance to migration”. In particular, year fixed effects do not fully control for
the impact of other destinations if such impact is heterogenous through sending countries. For
example, changes in the UK will have a different impact on european countries compared to asian
countries. In order to address this possible heterogenous effect we present in Table D.4 and Table
D.5 the results of adding to our regressions year-continent fixed effects, that is, year fixed effects
interacted with continent dummies24. This fixed effects control for factors that affect every country
from a continent in a year, including changes in other possible destination countries. We run this
regressions at an ethnic group level because as explained in the previous paragraph at an ethnic
group level we have a balanced panel which allow the composition of balanced year-continent
groups. As we can observe, the results are qualitatively unaffected.

Finally, we exclude the WWI period from our data. This is important because for those years
where we have a combination of extremely high mobility costs as evidenced by Figure 2, low GDP
and political instability for many countries. If we limit our estimations and remove the WWI years
we obtain that our results are qualitatively the same as before.25

6 Conclusions

One of the relevant factors that are key to understand the practical implications of migration
and restrictions on migration is whether immigrants are high-skilled or low-skilled and what de-

24We consider three continents: Europe, America and Asia. For empirical purposes Australia was considered as part
of Asia and Russia as part of Europe, because mod Russian immigrants came from European Russia

25The results can be seen in tables E.1 and E.2 in Appendix E.
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termines differences on occupational quality between immigrants from diverse nationalities. In
this context, this paper contributes to the literature by identifying the determinants of the skill
level of immigrants and their effect using a panel with data on occupations immigrants had be-
fore migrating that covers the mass migration period at the beginning of the twentieth century.

The empirical exercises support the theoretical finding that an increase in output has a negative
effect over average skill level and suggests that the main channel by which changes in output
affected the average skill level of migrants in that time period is through the easing or tightening
of the liquidity constraints, a channel that was not present in previous models and should be
considered in further theoretical research. In terms of policy, this result implies that by fomenting
development in sending countries, a country may actually lower the quality of the immigrants it
receives.

Another interesting finding is that the estimated negative impact of GDP on the average skill
level of the occupations immigrants had before migrating does not translate in a decrease in the
average skill level of the occupations of those immigrants who stayed in the US. This result calls
for new research on the subject and suggests that the US labor market may not assimilate perfectly
the skills of immigrants and thus using migrants’ occupation in the United States as measure of
skills lead to misleading conclusions.

Finally, the availability of new panel data on immigration allows us to formulate empirical
questions about the dynamics of the migration decision that were not covered in this paper but
have an important role on the phenomena we are describing. How do expectations about future
wage differentials are formed? In this paper we found that output in the sending countries af-
fect the average skill level mainly though the liquidity constraint restrictions and not through the
economic incentives restriction as was previously thought. This is to be expected if we consider
that the economic incentives to migrate depends mainly on future wage differential on specific
occupations or skill sets that may not be strongly correlated with short term aggregate output
fluctuations. In this context, in order to fully understand the role of economic incentives in the
self-selection of migrants, we need to consider what kind information is taken into account when
deciding wether to migrate or not. Potentially, private information dissemination through net-
works may create migration patterns that partly explained the timing and regional structure of
the migration waves in the sending countries.
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A Gini Data and Additional Second Stage Regressions

Table A.1. Gini data obtained from Deininger and Squire (1996)

Country Year Gini Country Year Gini
Argentina 1953 40 Belgium 1979 28.25
Brazil 1960 53 Bulgaria 1963 22.5
Canada 1951 32.56 Chile 1968 45.64
China 1980 32 Colombia 1970 52.02
Costa Rica 1961 50 Czechoslovakia 1958 27.19
Denmark 1976 31 Finland 1966 31.8
France 1956 49 Germany 1963 28.13
Greece 1974 35.11 Guatemala 1979 49.72
Honduras 1968 61.88 Hungary 1962 25.93
India 1951 35.56 Italy 1974 41
Japan 1962 37.2 Korea 1966 26
Mexico 1950 52.6 Netherlands 1975 28.6
Nicaragua 1993 50.32 Norway 1962 37.52
Peru 1971 55 Poland 1976 25.81
Portugal 1973 40.58 Romania 1989 23.38
Russia 1960 24.56 Spain 1965 31.99
Sweden 1967 33.41 Switzerland 1982 37.37
Turkey 1968 56 United Kingdom 1961 25.3
Uruguay 1961 36.61 Venezuela 1971 47.65
Yugoslavia 1963 31.18
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Table A.2. Second Stage using Fixed Effects of Regressions with Controls

(1) (2) (3) (4) (5) (6) (7)
VARIABLES log Total logoccscore logsei logpresgl logerscor50 logedscor50 lognpboss50

Flow FE FE FE FE FE FE FE

Gini -0.15*** 0.01*** 0.02*** 0.01*** 0.04*** 0.06*** 0.04***
(0.02) (0.00) (0.00) (0.00) (0.01) (0.01) (0.01)

Constant 1.21 -0.78*** -1.12*** -0.40*** -2.38*** -2.68*** -2.11***
(0.95) (0.14) (0.22) (0.08) (0.26) (0.41) (0.25)

Observations 32 32 32 32 32 32 32
R-squared 0.47 0.18 0.20 0.17 0.52 0.48 0.47

*** p<0.01, ** p<0.05, * p<0.1
Notes: Robust Standard Errors in parenthesis. The regressions are weighted by the inverse of the standard deviation
estimated for each fixed-effect to account for the fact that the dependent variable is an estimation (this increase the
standard deviation but does not affect the coefficients estimation). An observation correspond to a country.
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B Reverse causality and possible confounding variables assessment

Table B.1. Skill Level Regressions including controls for education, population, trade and govern-
ment revenue and expenditure

(1) (2) (3) (4)
Main Regression With stock with drestricted IPUMS

VARIABLES logsei logsei logsei logsei

l1.logGDP -0.04 -0.06 0.02 0.03
(0.07) (0.11) (0.06) (0.10)

logcost -0.07 -0.14 -0.04 -0.17
(0.06) (0.14) (0.04) (0.23)

loggdp*drestricted -0.11
(0.13)

logcost*drestricted 0.06
(0.05)

logstock -0.07*
(0.04)

Constant 5.29*** 5.53*** 3.53*** 4.76*
(1.05) (1.68) (0.73) (2.46)

Observations 478 181 478 455
R-squared 0.73 0.76 0.77 0.37

*** p<0.01, ** p<0.05, * p<0.1
Notes: Clustered standard errors at a country level. Year and country fixed-effects included. Controls for democracy
level, international wars, logarithm of population, logarithm of primary education enrollment per capita lagged by
9 period, logarithm of secondary education enrollment per capita lagged by 5 periods, logarithm of international
trade per capita and logarithm for government and revenue expenditure per capita are omitted. The dependent
variables are the average score in occupational standing variables (see Table 1). An observation correspond to a
country in a year.
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C Regressions at ethnic group level

Table C.1. Skill Level Regressions at ethnic group level

(1) (2) (3) (4) (5) (6)
VARIABLES logoccscore logsei logpresgl logerscor50 logedscor50 lognpboss50

logGDP -0.06** -0.11** -0.04** -0.08 -0.12 -0.09*
(0.03) (0.04) (0.02) (0.05) (0.10) (0.05)

logcost 0.06*** 0.13*** 0.06*** 0.09*** 0.17* 0.11***
(0.02) (0.04) (0.01) (0.03) (0.08) (0.03)

Observations 595 595 595 595 595 595
R-squared 0.69 0.71 0.65 0.65 0.72 0.70

*** p<0.01, ** p<0.05, * p<0.1
Notes: Clustered standard errors at a ethnicity level. Controls for democracy level, international wars and year and
country fixed-effects are included. The dependent variables are the average score in occupational standing variables
(see Table 1). An observation correspond to an ethnicity in a year.

Table C.2. Quantities and Shares Regressions at an ethnic group level

(1) (2) (3) (4) (5) (6) (7)
VARIABLES log total flow share share share log total flow log total flow log total flow

professionals skilled unskilled professionals skilled unskilled

logGDP 1.03** -0.00 -0.05 0.05 0.58** 0.83* 1.12**
(0.41) (0.02) (0.03) (0.03) (0.26) (0.44) (0.43)

logcost -0.76** 0.01 0.04* -0.06*** -0.39* -0.60* -0.87***
(0.28) (0.01) (0.02) (0.02) (0.21) (0.29) (0.30)

Observations 595 595 595 595 595 595 595
R-squared 0.73 0.57 0.76 0.72 0.86 0.82 0.70

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Notes: Clustered standard errors at an ethnicity level. Controls for democracy level, international wars and year
and country fixed-effects are included. The dependent variables are quantities and shares of immigrants for each
skill category. An observation correspond to an ethnicity in a year.
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Table C.3. Skill Level Regressions at country level using observation available at an ethnic group
level

(1) (2) (3) (4) (5) (6)
VARIABLES logoccscore logsei logpresgl logerscor50 logedscor50 lognpboss50

logGDP -0.12* -0.20*** -0.09** -0.11 -0.34 -0.14
(0.06) (0.07) (0.04) (0.15) (0.28) (0.14)

logcost 0.04* 0.06*** 0.03** 0.10*** 0.12** 0.09***
(0.02) (0.02) (0.01) (0.03) (0.06) (0.03)

Observations 662 662 662 662 662 662
R-squared 0.62 0.67 0.62 0.56 0.70 0.59

*** p<0.01, ** p<0.05, * p<0.1
Notes: Clustered standard errors at a country level. Controls for democracy level, international wars and year and
country fixed-effects are included. The dependent variables are the average score in occupational standing variables
(see Table 1). An observation correspond to a country in a year.

D Regressions including year-continent fixed effects

Table D.4. Skill Level Regressions including year-continent fixed effects at ethnic group level

(1) (2) (3) (4) (5) (6)
VARIABLES logoccscore logsei logpresgl logerscor50 logedscor50 lognpboss50

logGDP -0.09** -0.16* -0.06 -0.10* -0.25 -0.12*
(0.04) (0.08) (0.04) (0.06) (0.15) (0.06)

logcost 0.08** 0.17* 0.06 0.09 0.30* 0.12*
(0.03) (0.09) (0.04) (0.06) (0.17) (0.07)

Observations 595 595 595 595 595 595
R-squared 0.83 0.86 0.83 0.81 0.84 0.84

*** p<0.01, ** p<0.05, * p<0.1
Notes: Clustered standard errors at a ethnicity level. Controls for democracy level, international wars and year-
continent and country fixed-effects are included. The dependent variables are the average score in occupational
standing variables (see Table 1). An observation correspond to an ethnicity in a year.
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Table D.5. Quantities and Shares Regressions including year-continent fixed effecs at an ethnic
group level

(1) (2) (3) (4) (5) (6) (7)
VARIABLES log total flow share share share log total flow log total flow log total flow

professionals skilled unskilled professionals skilled unskilled

logGDP 1.19* -0.02 -0.01 0.04 0.32 1.02 1.24*
(0.66) (0.02) (0.05) (0.05) (0.38) (0.72) (0.69)

logcost -0.90 0.03* -0.00 -0.03 -0.07 -0.85 -0.95
(0.68) (0.02) (0.05) (0.05) (0.35) (0.68) (0.73)

Observations 595 595 595 595 595 595 595
R-squared 0.85 0.74 0.85 0.84 0.92 0.88 0.84

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Notes: Clustered standard errors at an ethnicity level. Controls for democracy level, international wars and year-
continent and country fixed-effects are included. The dependent variables are quantities and shares of immigrants
for each skill category. An observation correspond to an ethnicity in a year.

E Regressions excluding World War I

Table E.1. Skill Level Regressions excluding World War I

(1) (2) (3) (4) (5) (6)
VARIABLES logoccscore logsei logpresgl logerscor50 logedscor50 lognpboss50

logGDP -0.07* -0.20*** -0.08** 0.05 -0.29* 0.02
(0.04) (0.07) (0.03) (0.09) (0.17) (0.08)

logcost 0.00 0.03 0.00 0.04 0.04 0.02
(0.03) (0.06) (0.04) (0.08) (0.18) (0.07)

Observations 918 918 918 918 918 918
R-squared 0.68 0.76 0.64 0.68 0.78 0.70

*** p<0.01, ** p<0.05, * p<0.1
Notes: Clustered standard errors at a country level. Controls for democracy level, international wars and year and
country fixed-effects are included. The dependent variables are the average score in occupational standing variables
(see Table 1). An observation correspond to a country in a year.
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Table E.2. Quantities and Shares Regressions excluding World War I

(1) (2) (3) (4) (5) (6) (7)
VARIABLES log total flow share share share log total flow log total flow log total flow

professionals skilled unskilled professionals skilled unskilled

logGDP 1.02** 0.01 -0.06 0.05 0.09 0.70 1.08**
(0.46) (0.02) (0.05) (0.05) (0.22) (0.46) (0.49)

logcost -0.63* 0.04* -0.01 -0.03 -0.32 -0.69*** -0.81*
(0.37) (0.02) (0.05) (0.06) (0.25) (0.24) (0.45)

Observations 918 918 918 918 918 918 918
R-squared 0.85 0.59 0.60 0.68 0.86 0.86 0.83

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Notes: Clustered standard errors at a country level. Controls for democracy level, international wars and year and
country fixed-effects are included. The dependent variables are quantities and shares of immigrants for each skill
category. An observation correspond to a country in a year.
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