THE EFFECT OF IMMIGRATION ON WAGES: EXPLOITING
EXOGENOUS VARIATION AT THE NATIONAL LEVEL

Joan Llull*$
MOVE, Universitat Autonoma de Barcelona, and Barcelona GSE

PRELIMINARY AND INCOMPLETE.
PLEASE ASK FOR A MORE RECENT VERSION BEFORE QUOTING.

This version: April 2013

ABSTRACT.— This paper estimates the effect of immigration on wages at the
national/cross-skill level taking into account that immigrants are not allocated ran-
domly across skill groups. T use a twofold argument to find exogenous variation
of immigrant flows: wars and changes in political regimes push relatively more mi-
grants to physically closer countries than to countries that are further away; and this
is especially true for unskilled workers, as they are financially more constrained. The
analysis indicates that immigration drastically reduced wages of competing workers:
a 10 percent increase in supply reduces wages by about a 10 percent. This reduction
is estimated to be two to three times larger than the previous studies that assumed
immigration to be exogenous.

1. INTRODUCTION

With the recent resurgence of large scale immigration into OECD countries in recent years,
economists have long tried to asses whether (and by how much) immigration affects wages
of native workers. This recent immigration wave has attracted so much attention in part
because of its magnitude, and in part because of its composition (Card, 2009). Despite
the big effort, however, there is no consensus on what are the consequences for wages of
such inflows.

In order to analyze the effect of immigration on wages, the literature has searched
ways to compare the evolution of wages in similar labor markets that are exposed to

different immigration shocks.! Early studies defined these labor markets geographically,
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mainly as metropolitan areas.”? More recent papers, pioneered by Borjas, Freeman and
Katz (1997) and Borjas (2003), identify the effects at the national level, defining labor
markets in terms of skills.?

The main problem of this cross-labor market comparison is that immigrants are not
randomly allocated across labor markets. Because labor migration is mainly an economic
decision, those markets that experience positive wage shocks will attract more immigrants,
thus generating a positive correlation between immigration and wages that may bias
upward the estimates of the effect of immigration. In order to correct for this endogeneity
bias, Altonji and Card (1991) used settlement patterns of previous immigrants as an
instrument for current inflows assuming that they are not correlated with current labor
demand shocks. This approach has been followed by many papers in the literature.*
However, it has been also hardly criticized (e.g. Borjas, 1999) because any source of
persistence in wage shocks breaks the exogeneity of the instrument.

At the national level, the endogenous allocation of immigrants across skill groups has
not been handled. Despite the fact that many papers have studied the self-selection
patterns of immigrants in terms of skills (notably Borjas, 1987b; Chiquiar and Hanson,
2005), cross-skill comparisons in the literature assume that immigrants are exogenously
allocated across skill groups.

In this paper, I tackle endogeneity at the national level. In particular, I use an alter-
native source of exogenous variation to identify the effect of immigration on wages. In
particular, this variation comes from a double finding. First, as [ show in 7, the effect of
push and pull factors on migration prospects are heterogeneous depending on the distance
between the two countries. For example, a war in Algeria increases flows of Algerians to
France by a higher fraction than those to Canada. Hence, I use exogenous variation in
push factors (wars and changes in political regimes in source countries) interacted with
distance to the destination country in order to obtain variation over time and across des-
tination countries. Second, in order to obtain variation across skill groups, I use the fact
that this heterogeneity is more severe among low skilled workers (as they tend to have
less resources, and distance turns out to be a more severe constraint when choosing a
destination country) than among high skill workers.

And T exploit this differential effect of the exogenous variation in push factors across
skill groups depending on distance to build an instrument for immigration with variation

across skill groups and destination countries, and over time. To the best of my knowledge,

2 A sample of papers using this approach include Grossman (1982), Borjas (1987a), Card (1990),
Altonji and Card (1991), LaLonde and Topel (1991), Goldin (1994), Card (2001), Card and Lewis (2007),
Saiz (2007), Cortés (2008), Cortés and Tessada (2011), and Dustmann, Frattini and Preston (2013) among
many others.

3 These studies include Borjas and Katz (2007), Aydemir and Borjas (2007), Borjas, Grogger and
Hanson (2010), Llull (2010), Aydemir and Borjas (2011), Ottaviano and Peri (2012), and Manacorda,
Manning and Wadsworth (2012) among many others.

4 Including Card (2001), Card and Lewis (2007), Saiz (2007), Cortés (2008), Cortés and Tessada
(2011), and Dustmann, Frattini and Preston (2013) among many others.



this is the first paper that tackles endogeneity of immigration at the national/cross-skill
level. Moreover, I also show that this instrument can be a valid instrument to be used as
an alternative to Altonji and Card (1991) for the geography based analysis if we consider
large (distant) enough labor markets.

In the analysis below, I follow Borjas (2003) in exploiting the fact that U.S. immi-
gration is distributed evenly across education and experience cells, and that this pattern
is changing over time. I additionally use the fact that, as shown in Aydemir and Borjas
(2007), the shape of immigrant inflows into Canada is very different from that into the
U.S. Hence, I compare wages across skill cells and over time, and across the two countries
using different approaches. The baseline estimates follow the fixed effects approach in
Borjas (2003, Secs. II-VI), expanded to the two country setting, and, most importantly,
using the previously described exogenous variation as a source of identification. Then I
go deeper into the analysis by exploiting additionally the regional variation within each
country. And, finally, I use the instrument to estimate the nested CES production func-
tion that has become popular in the literature® and simulate the effect of immigration on
wages over the last decades.

In order to use this instrument, I have to face an additional difficulty. Proper identi-
fication of the first stage coefficients requires a sample of destination countries that are
separated enough to have enough variation in distances to each origin country. However,
because of wage microdata availability, the analysis below restricts to Canada and the US
(which are not very distant countries). To circumvent this, I estimate the first stage with
a larger set of countries (including many European countries, the US, and Canada), and
then T use the predicted instrument in the restricted sample for the second stage. 1 show
below that only very mild additional assumptions are needed to restrict the sample for
the second stage without producing any bias in the estimates.

Preliminary results suggest that immigration reduced wages very drastically. Indeed,
I consistently find that this reduction in wages is two to three times larger than the
reduction found in Borjas (2003) (which itself is larger than many others in the literature).
In particular, I estimate the monthly wage elasticity to immigration to be around -1,
meaning that a 10 percent supply shock reduces monthly wages by about 10 percent.

The rest of the paper is organized as follows. Section 4 explains the econometric
model that I estimate, handling the difficulties produced by data limitations as I have
just argued. Section 3 presents the different sources of data I use, and provides a short
description of some facts. Sections 5 to 7 present the results from estimation using the

different approaches described above, and Section 8 concludes.

5 Inspired in Card and Lemieux (2001), this nested CES was introduced in the immigration literature
in Borjas (2003, Sec. VII), and then used in Borjas and Katz (2007), Aydemir and Borjas (2007), Borjas,
Grogger and Hanson (2010), Ottaviano and Peri (2012), and Manacorda, Manning and Wadsworth (2012)
among others.



2. EXOGENOUS VARIATION OF IMMIGRATION AT THE
NATIONAL/CROSS-SKILL LEVEL

When measuring the effect of immigration on wages, an ideal approach would be to
compare wages in a particular labor market, with the wages that we would have observed
in that market in the absence of immigration. However, such counterfactual wages are not
observed in practice. As a result, the literature has exploited the variation across different
labor markets claiming that (after including the necessary controls) these markets are
equal except for the fact that some received immigrants and some did not.

A typical paper defines different labor markets in terms of skills, geographic regions,
and/or time. The way in which they compare wages across those labor markets can be
summarized as

Inws = Ips + . + v, (1)

where Inwg is the log wage in labor market s; ps = M,/(M, + Ny) is the fraction of
the workforce in that labor market that is an immigrant; s = (21, ..., zgs) is a vector
of control variables that may include period fixed effects, region fixed effects, skill fixed
effects, a combination of them, and/or any other variables that generate differences in
wage levels across labor markets; and v,, is an i.i.d. error term with with zero mean
and variance o2 (Aydemir and Borjas, 2011). The wage elasticity to immigration can be
obtained as € = 0/(1 + m)?, where m = p/(1 + p) is the (average) ratio of immigrants
over natives (Borjas, 2003).

The general problem is that immigrants are not allocated randomly across labor mar-
kets. Almost by construction, as immigrants are moving in search of better economic
opportunities, they are going to penetrate those markets that are relatively more reward-
ing to them. This will build a positive correlation between vy and ps that will bias the
OLS estimator of ¥ upward.

This problem has been discussed extensively in the context of labor markets geograph-
ically defined (as metropolitan statistical areas). It is hard to assume that immigrants
are allocated randomly across cities: they will tend to go to cites that experience positive
wage shocks. Altonji and Card (1991) proposed to use settlement patterns of previous
immigrants as an instrument for current inflows assuming that they are not correlated
with current labor demand shocks. Since then, different versions of this approach have
been used in almost every area based study in the literature (see Card (2001), Card and
Lewis (2007), Saiz (2007), Cortés (2008), Cortés and Tessada (2011), and Dustmann,
Frattini and Preston (2013) among many others).

Despite being widely used in the literature, this instrument has been hardly criticized
as well (Borjas, 1999). Its main drawback is that any kind of persistence in labor demand
shocks will create an association between current wage shocks and past immigrant inflows

that will invalidate the exogeneity assumption of the instrument.



Other instruments, on the other hand, have been hard to find. Very few exceptions
(including Card (1990), Hunt (1992), Friedberg (2001), and Glitz (2012)) are able to
use quasi-experimental evidence to find exogenous variation in immigrant flows across
regions. These exercises find very credible sources of exogenous variation, but its usage
(and results as well) are limited to the context of the particular experiment at hand.

The second major strand of the literature switches the analysis at the national level.
Starting with Borjas, Freeman and Katz (1997), and mostly after Borjas (2003), a growing
fraction of the papers in the literature define labor markets in terms of skills (e.g. Borjas
and Katz (2007), Aydemir and Borjas (2007), Card (2009), Borjas, Grogger and Hanson
(2010), Llull (2010), Aydemir and Borjas (2011), Ottaviano and Peri (2012), Manacorda,
Manning and Wadsworth (2012)). The endogeneity issue, however, has not been tackled
in this literature. The common assumption of all these papers is that immigration into
different skill cells is random.°

This assumption, however, is at odds with the self-selection argument introduced by
Borjas (1987b). The argument states that immigrants tend to self-select into those skill
groups that reward their skills the best as compared to their home countries. In the
context of cross-cell wage comparisons, this implies that a demand shift in a particular
skill cell will tend to change the composition of the inflow of immigrants (even for a
given total inflow). Therefore, it will again create a positive correlation between the
inflow of immigrants and wages in a particular labor market (skill cell), thus leading to
underestimating the effect of immigration on wages.

In this paper, I propose an alternative source of exogenous variation at the national /
cross-skill level. This variation comes from the combination of different sources. First,
I exploit exogenous variation at the origin country: wars and political regime changes.’
These factors alone do not provide variation neither across destination countries, nor
across skill cells in a given country. To gain variation across destination countries, I
interact them with distance between the two countries. For instance, a war in Algeria
will tend to push more people to France than to Australia.® To obtain variation across

skill cells for a given destination country I explore the fact that the way in which distance

6 Dustmann, Frattini and Preston (2013) also could be included in this literature. In this paper, labor
markets are defined as positions in the distribution of native wages. This variation is exploited on top of
the cross-city variation. Instrumental variables (Altonji and Card (1991) type of instrument) are used,
but only to correct cross-city endogeneity. The position of the distribution at which immigrants penetrate
is still assumed to be exogenous.

" Throughout the paper, I will refer to political regime changes as changes in the level of democracy or
autocracy of the country. Therefore, it does not necessarily refer to a change of the official political regime
(e.g. a change in the Constitution), but, rather, a change in the “quality” of the political institutions. I
describe how this is measured in Section 3.

8 Llull (2013) presents evidence suggesting that the effect of push and pull factors on migration flows
differ by distance. Llull (2011) exploits this source of exogenous variation to instrument immigrant stocks
across countries in the estimation of cross-country GDP per worker regressions. Previously, Angrist and
Kugler (2003) used distance to instrument changes in immigrant stocks across European countries over
the different stages of the Balcans War when analyzing the effect of immigration on employment of EU
natives.



TABLE I.—DISTRIBUTION OF MIGRANTS ACROSS SOME OECD COUNTRIES
AFTER SELECTED CONFLICTS (1990-2000)

A. Balkans War

Total Primary Secondary Tertiary Closest distance (km)
Australia/New Zealand 3.01 3.87 -6.71 8.38 15,689 Australia
Europe 77.99 90.16 64.68 58.99 492  Austria
U.S./Canada 19.00 5.97 42.03 32.63 7,266  United States

B. African Conflicts

Total Primary  Secondary  Tertiary Closest distance (km)
Australia/New Zealand 2.07 2.40 0.78 2.69 12,636 Australia (vs Ethiopia)
Europe 66.21 74.86 75.63 55.97 707  Spain (vs Algeria)
U.S./Canada 31.72 22.73 23.59 41.33 6,472 US (vs Algeria)

C. Middle East Conflicts

Total Primary  Secondary Tertiary Closest distance (km)
Australia/New Zealand ~ 11.29 16.70 8.67 8.97 11,433 Australia (vs Afghan.)
Europe 43.60 42.43 56.46 38.55 1,155 Greece (vs Lebanon)
U.S./Canada 45.11 40.88 34.87 52.48 9,032 US (vs Lebanon)

NoTE: Figures in this table represent the percentage of total net flow (changes in stocks) of migrants
from the countries affected by each conflict that migrated to the corresponding group of destination
countries: mg = Zq(qu)gooo — qu)lggo)/ Zk Eq<qu’2000 — qu71990), where k indicates a group of
selected countries (Europe, Australia/New Zealand, US/Canada), ¢ indicates origin country (among
those affected by the corresponding conflict), and My, is the stock of immigrants from country ¢ in the
group of countries k in year ¢. European destination countries include EU-15 (excluding Luxembourg
and Ireland), Norway, and Switzerland. Balkans War affected the countries of the former Yugoslavia.
African conflicts include Algeria, Angola, Burundi, former Zaire, Ethiopia/Eritrea, Liberia, Mali/Niger
(Touareg rebellion), Rwanda, Sierra Leone, and Sudan wars in the 1990s. Middle East conflicts comprise
war episodes in Afghanistan, Iraq, Lebanon, Tajikistan, and Yemen. Data sources: immigrant stocks
by educational attainment are obtained from Docquier and Marfouk (2006) and conflicts are identified
from Gleditsch, Wallensteen, Eriksson, Sollenberg and Strand (2002).

maps push factors into actual flows differ across skill cells. For instance, more skilled
individuals tend to be financially less constraint, and, hence, when they are pushed out
from their country by a war or a political regime change, distance tends to matter less for
them when selecting their destination country. Or middle-aged individuals tend to carry
a larger number of dependent family members with them, which makes distance (and any
other individual-specific moving cost) more binding.

Tables T and II illustrate these facts with some casual evidence. Table I analyzes
migration patterns after a selected set of conflicts during 1990s. The conflicts that are
analyzed are Balkans War, several conflicts in Africa, and some conflicts in the Middle
East. The table presents the distribution of migrants from the countries affected by each of
these sets of conflicts across nineteen OECD destination countries (grouped by continent:
North America, Europe, and Oceania). This distribution is computed unconditionally,
and also conditional on different educational levels.

The countries involved in Balkans War and in some of the African conflicts being

considered are close to Europe and far from Oceania and North America. Middle East



countries, on the other hand, are far from any of the three groups of destination countries.”
European countries received more than 75% of all the immigrants that left the former
Yugoslavia during 1990s and around 66% of the immigrants from the African countries
involved in conflicts. This fraction seems pretty large both when compared to the 43%
of the immigrants from countries with conflicts in the Middle East, and to the 34%
they received from the total net flow from all countries in the world into these nineteen
destination countries over this period. This result suggests that distance plays a role in
the determination the distribution of migrants across destination countries when they are
pushed out from their countries of origin by some conflict.

This distribution, however, is not homogeneous across educational levels. From the
flows potentially generated by Balkans War and the African conflicts, primary educated
are overrepresented in Europe. The most extreme case is Balkans War, from which 90% of
the displaced primary educated went to European countries, whereas they only received
59% of the tertiary educated. Likewise, these European countries received 75% of low
educated migrants from the selected African countries, as opposed to the 56% of highest
educated. From the Middle East countries, on the other side, the received fractions
were 42% and 39%, much more similar. And the fractions received of the flow from
countries all over the world was 28% of primary educated, and 29% of tertiary educated.
These differences constitute suggestive evidence of a differential effect of distance across
educational groups when a conflict in a country forces its inhabitants to move abroad.

To further motivate the analysis, in Table II, I explore the correlation between migra-
tion flows pushed by wars/political regime changes and distance, for different education
and experience cells. Given data availability, I consider the U.S. as the destination coun-
try. The coefficients presented in the table are the estimated slopes of a set of regressions
of the decade change in the fraction of individuals of a given sub-population that is from
country of origin ¢ in a given Census, on the distance between country ¢ and the United
States. These regressions are estimated for different sets of countries of origin and for dif-
ferent sub-populations. Different columns in Table II consider different countries of origin:
left column includes countries that experienced a conflict in the preceding decade; center
column includes countries for which the level of democracy or of autocracy increased by
more than three points (see data definitions in Section 3); and the right column excludes
Mexico. In the top panel, sub-populations are defined by education, and in the bottom
panel, by (potential) experience.

Results from the top panel of the Table IT point in the same direction as Table I:

distance seems to matter more for low educated than for highly educated. This would

9 The distance between Lebanon and Greece is only slightly over a 1,100 kilometers. However, the
distance between Lebanon and Italy, the second closest European country, is around 2,200 kilometers.
Similarly, Iraq, the second closest origin country, is around 2,000 kilometers away from Greece, and almost
3,000 from Austria, its second closest destination country. Since distance will be included in the analysis
below in logs, going from 500 kilometers to 2,500 is a “larger” increase than from 2,500 kilometers to
10,000.



TABLE II.— CORRELATION BETWEEN DISTANCE AND MIGRATION TO THE U.S.
AFTER SELECTED PuUsH FACTORS

A. By Education
Political regimes

Conflicts Political regimes (excluding Mexico)
Primary 0.146  (0.061) 1514 (0.738) 0231 (0.079)
Secondary 0017 (0.007) 0210 (0.101) 0.027  (0.008)
Tertiary 0.019  (0.014) -0.036  (0.023) 0.003 (0.007)

B. By Experience
Political regimes

Conflicts Political regimes (excluding Mexico)
0-7 years -0.019  (0.014) -0.177  (0.097) -0.036 (0.015)
8-15 years 0.029  (0.015) 0420 (0.208) 0051 (0.020)
16-23 years 0025 (0.012) 0.366  (0.185) 0.041  (0.015)
2431 years 0.015  (0.010) 0203 (0.097) 0.031  (0.011)
31+ years -0.010  (0.009) -0.151  (0.075) -0.016 (0.010)

NoTE: The table reports the estimated coefficients of distance from the following regression fitted
on different samples:
A’rnqt = BO + ﬂldiStqt + Ugt,

where ¢ indicates country of origin, ¢ indicates Census year, dist, is the distance between country
q and the U.S., and my, is the period t fraction of the workforce (with the given educational or
experience level) that is from country ¢. Each coefficient from the table is obtained running this
regression on different samples. Left column coefficients are estimated with a sample of origin
countries that experienced some conflict in the preceding decade. Center column is estimated with
a sample of origin countries that experienced an increase of democracy or autocracy indexes of more
than three points (data description in Section 3). Right column excludes Mexico from the previous
sample. By rows, top panel coefficients are estimated with the sub-samples of primary or less,
secondary, and tertiary educated respectively, and those from the bottom panel are estimated with
samples of individuals with the corresponding experience. Robust standard errors in parenthesis.

be consistent with low skilled being financially constraint, and, hence, when pushed out
from the country by a conflict or a political regime change, not able to afford moving
to a country which is further away (even when that country pays higher wages). The
bottom panel shows that distance matters more for the intermediate levels of experience
(i.e. for middle-aged individuals). In these intermediate ages, individuals tend to have
a larger number of dependent family members to carry with them. The larger moving
costs generated by these dependent family members would make distance more relevant

for them when choosing a destination after being pushed out from their origin country.

3. DATA

The empirical analysis of this paper uses data drawn from country-specific censuses for
different years. Data are provided by IPUMS-International (Minnesota Population Cen-
ter, 2011). A more detailed exposition on data construction and variable definitions is
presented in Appendix A below.

The pool of destination countries used in the first stage of the baseline estimation is a



balanced panel that include Austria, Canada, France, Greece, Ireland, Switzerland, and
the U.S., for years around 1970, 1980, 1990, and 2000. Additionally, for some specifi-
cations, I include additional countries (the Netherlands, Italy, Portugal, and Spain) and
additional dates (around 1960 and 2005), forming an unbalanced panel. Table III sum-
marizes available years and sample sizes for each of the countries. Although sample sizes
are quite large, they are, except for the U.S., too small to accurately compute the fraction
of immigrants in each education-experience cell for each country of origin. This issue, as
discussed in Section 4, is addressed by estimating the first stage regressions at a more

aggregate level.

TABLE III.—SAMPLE SIZES FROM DIFFERENT CENSUSES

1960 1970 1980 1990 2000
Austria — 291,466 320,133 355,905 387,056
Canada — 80,948 231,020 412,484 407,716
France 892,533 952,903 1,127,204 1,039,352 1,319,045
Greece — 280,261 315,399 349,839 424,772
Ireland — 76,435 112,943 127,962 169,481
Ttaly — — — — 1,258,993
Netherlands — 72,106 — — 94,793
Portugal — — 183,285 196,666 226,818
Spain — — 691,692 752,515 855,531
Switzerland — 130,136 138,680 172,980 178,030

United States 645,004 758,760 4,971,227 5,855,980 6,435,700

NoTE: The table reports the number of observations from each Census microdata file
used to compute immigrant shares. The balanced panel used in the baseline specification
is in bold. These data include working male and female. The fraction of female among
them range from 24 to 48% depending on the sample.

These samples include active individuals (employed and unemployed) aged 18 to 64.
For each sample, I compute the share of immigrants by education-experience cell. A
person is defined to be an immigrant either if she was born abroad or if she is a foreign
citizen, depending on data availability. Education is categorized into three internationally
comparable categories: primary or less, secondary, and tertiary. To compute experience,
I assume that the age of entry into the labor market is 16 for primary educated, 18 for
secondary educated, and 23 for tertiary educated; then, I measure work experience as the
current age of an individual minus the (assumed) age at which she entered in the labor
market. Experience is categorized into five groups: 0-7 years of experience, 8-15, 16-23,
24-31, and 32 or more years. For the baseline estimates, I focus on male workers, who
account for 52% to 76% of the observations listed in Table III (depending on countries
and years).

Wage data is only available in Canadian and U.S. Censuses. Therefore, as discussed in
Section 4 below, I use a two-sample IV approach. In particular, the first stage regression
is estimated with the whole sample of countries included in Table III, and the second

stage regression is estimated with data from these two countries only. Average wages



by education-experience-country-year cell are computed using the sample of persons who
worked a positive number of weeks during the preceding calendar year, reported positive
annual earnings, are not enrolled in school, and are employed in the wage and salary
sector. Monthly and annual average wages are computed.

To estimate the first stage regressions, I consider 188 countries of origin. Three push
variables are used: conflicts, democracy level, and autocracy level. The data for the
instruments come from several sources. The conflict variable measures the number months
during the decade preceding the Census date that the country was involved in any type
of war or internal conflict (normalized to be interpreted as a fraction). This variable
is constructed using data from Gleditsch, Wallensteen, Eriksson, Sollenberg and Strand
(2002), which list all armed conflicts in the world since 1946.'°

FIGURE I.—YEARS OF CONFLICT 1950-2000

Figure [ summarizes this variable. In particular, the figure plots the number of months
of conflict (piled in years, and grouped into different categories) suffered by each of the
countries from the sample of countries of origin. As expected, Africa and Southern Asia
are the regions that were hit more severely. Yet, there is plenty of within region variation;
additionally, given the average duration of a conflict, we can also see plenty of within
country variation over time.

Democracy and autocracy variables are obtained from the Polity IV index (Marshall,
Jaggers and Gurr, 2010). The Polity IV index ranges from -10 (autocracy) to 10 (democ-
racy). Regimes with values around 0 are called anocracies, i.e. countries where power
is not vested in public institutions (as in a normal democracy) but spread amongst elite

groups who are constantly competing with each other for power.

10 An updated version is available at the Peace Research Institute Oslo web page: http://www.prio.
no/cwp/armedconflict/
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Figure II plots average Polity IV indexes for all countries in the sample during 1990s.
Most anocratic countries are in central Africa, whereas the Middle East and North Africa
account for most of the autocratic regimes. All developed countries had fully democratic
regimes. Latin American countries had a lower level of democracy, which turned into
open anocracies in some cases. Asian countries display a wide variety of political regimes,

covering all the spectrum.

FIGURE II.—AVERAGE PoOLITY IV SCORES 1990-2000

Anocracy is not surprisingly the least stable system, as it is very vulnerable to disrup-
tion and armed violence. In this situation, individuals are more likely to move out from
the country. A strong democracy offers its citizens stability, freedom and good economic
prospects. Therefore, individuals tend to be more willing to stay in the country. And
under an autocratic rule, individuals might be more willing to leave the country, but
cross-border movements are usually limited by the autocratic power (e.g. North Korea).

As a result of all this, I construct two variables from the Polity IV index: democracy
and autocracy levels. They are a spline of the index. Democracy level is the positive side
(and equal to zero if the index is negative), and autocracy level is the (absolute value of
the) negative side (and equal to zero if the index is positive). Hence, either of the two
variables should negatively correlate with immigration.

Distance between two countries is defined as the physical distance between the center
of the most populated cities of the two countries. Physical distance is computed using
the Vincenty method (Vincenty, 1975)."

11 This method is based on the assumption that the figure of the Earth is an oblate spheroid, and
hence are more accurate than methods such as great-circle distance which assume a spherical Earth.
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4. A TWO-SAMPLE APPROACH WITH AGGREGATE DATA

In order to estimate the effect of immigration on wages using the general approach de-
scribed in Section 2, I will define labor markets by educational level ¢, experience level j,
(destination) country k, and Census year t. As a result, the specific version of equation (1)

that is used as the benchmark (second stage) equation below is:
In wijre = Opijre +mi + 75 4 O + 7 + ik + Gt + Vi + Lt + Eijikes (2)

where Inw; i, is the average wage of workers in educational level 7, with experience j, in
country k at Census year t; pijxe = Myjrt/(Mijee + Nijge) is the share of immigrants in
that group; n;, 7, 0k, T¢, &iks Cit, Vjt, and g are fixed effects; and €5 is the zero mean
error term with E[p;jee€ijie| 75, Ok, ey Eik, Cit, Vits tee] 7 0 in general, as argued in Section 2.
In particular, this endogeneity is expected to be such that E[éOLS] > 0 provided by
immigrants being prone to penetrate those cells with better economic opportunities.

Given the set of fixed effects included in equation (2), a valid instrument for p;;x; needs
to have variation across skill cells, across (destination) countries, and over time. Distance
between countries cannot be a valid instrument in this context, as it is constant over time
and across skill cells. Similarly, wars or political regimes in origin countries do not vary
across destinations and skill cells. Interactions of distance and these push factors and
distance would provide variation across destination countries and over time, but they are
still constant across skill cells.

Suggestive evidence presented in Section 2 seem to imply that the effect of distance
after a push shock is more severe for lower educated and middle-aged. For instance, a war
in Algeria pushes more workers to France than to Australia; however, uneducated and
middle-aged workers have a larger propensity to go to France, whereas, even though other
workers may also go more often to France than to Australia, distance will be less impor-
tant, and, if Australia is more attractive than France, they will have a larger propensity
to go there. This heterogeneity allows us to add variation across skill cells on top of the
variation across destination countries and over time generated by the interactions between
push factors and distance.

The first stage regression, estimated at the bilateral level, would be as follows:
Dijqkt = (zqt In qu)/ o+ g+ e + 0t + Vi + St + Pt + Kkt + Vijgkt, (3)

where p;jqre is the stock of immigrants with education ¢ and experience j from country
q living in country k& at Census year ¢; Indg, is the log of the physical distance between
(origin) country ¢ and (destination) country k; zq = (24, 2, 25;)" is a vector of exogenous
push factors in which qut is the number of months that country ¢ was involved in any sort
of conflict during the decade preceding Census year ¢, and zgt and zgt are the democracy
and autocracy variables for country ¢ constructed as described in Section 3 from average

Polity IV indexes over the decade preceding Census year t; ay; is the 3 x 1 vector of
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coefficients associated to z4 Indgy, for education-experience cell ij; 1;, A\, 0¢, Vik, Sits ©jt,
and ky, are fixed effects; and v;jqs is @ mean zero error term.
The two-stage estimator y575 is provided by the least squares estimation of equa-

tion (2) replacing p;jrt by pijit, where

Q
Dijkt = Z (zgIn qu)/ Qi+ Q (ﬂj + A+ 0+ Var + G + Qe + ’%kt> . (4)
q=1

The consistence of the estimator éggLS comes from the following assumption:

Q
E |&ijre Z (24t In qu), Qi

q=1

g 6k7 Tt, gika C’éta Vits th] =0. (5)

In other words, what we need is that the destination country—skill cell-period i.i.d. wage
shock, €;;x: is uncorrelated, given fixed effects, with the the integrated bilateral instrument
(integrated over countries of origin). The richness of fixed effects included in the model
makes this assumption mild. For instance, this assumption does not imply that a war
in Central America is uncorrelated with aggregate shocks to wages in the U.S. (as this
correlation is absorbed by the destination country—period fixed effect); it neither implies
that it is uncorrelated with shocks that are common to all experience groups within an
education group or to all education groups within an experience group (as this is absorbed
by experience-time and education—time fixed effects respectively); and so on.

Equations (2) to (5) fully characterize the model to be estimated in this paper. How-
ever, available data have two important limitations (described in Section 3) that require
additional assumptions: the (un)availability of wages in several Censuses, and the rela-
tively small sample sizes (too small to compute the share of immigrants by education—
experience—period—destination country-origin country cells).

The availability of wage data is very limited in Census records. Only a few countries
gather this information when collecting microdata for the Census. In particular, among
the set of developed countries considered in this paper (Austria, Canada, France, Greece,
Netherlands, Ireland, Italy, Portugal, Spain, Switzerland, and the U.S.), only the U.S.
and Canada report them. The fact that U.S. and Canada are physically very close to
each other, may complicate the identification (with enough precision) of the first stage
coefficients.

The strategy I follow in this paper is a Two-Sample Two-Stage Least Squares approach.
This approach estimates the first stage regression and the second stage with two different
samples. Seminal work on two-sample IV methods is in ? and in 7. In the first stage
sample we have data on the instrument and on the regressors, but not on the dependent
variable. In this paper, this is the sample that includes U.S. and Canadian Censuses,
and all the Censuses from the European countries listed above. The second stage sample

includes information at least on the instrument and on the dependent variable. In the case
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of the present paper, this sample includes U.S. and Canadian Censuses only. With the
first stage sample, the coefficients from equation (3) are estimated. Using the estimated
coefficients, the predicted (exogenous part of) migration shares is computed for the second
stage sample.

It is important to remark that the motivation for using two samples in the estimation
is somewhat different from the original motivation in 7 and in ?. In these papers, it is
the unavailability of data for the regressor in the second stage sample what motivates the
authors to do the estimation of the first stage with a different sample. In the present
paper, the regressor is available in the second stage sample. Theoretically, § could be
consistently estimated using the second stage sample alone to estimate equations (3) and
(2). However, in this case, the variation in distance would not be exploited itself to identify
the first stage coefficients, and it would be only used to weight the effect of the exogenous
push factors. Having a richer first stage sample, which includes countries that are far
from each other, allows us to exploit the variation in distance on top of the variation in
the exogenous push factors to precisely estimate the coefficients.

In order for this to produce consistent estimates of 6, the assumption in equation (5)

needs to be narrowed. In particular, it would be replaced by:

Q
E Eijkt Z(th In qu)'aij

q=1

Ty, 5k77-t7§ik7<it77jt> Lkt, k € {US7 CAN} = 0. (6)

In words, the exogeneity assumption in equation (5) should be valid conditional when
restricting the sample to U.S. and Canada. This additional assumption does not seem
to be a very restrictive, given the inclusion of destination country—period fixed effects.
Nonetheless, to informally check for the validity of this extra assumption, I test whether
the relationship between predicted and actual migration shares (net of fixed effects) is
statistically different for U.S. and Canada when compared to the other countries included
in the first stage only.

The second data limitation is regarding sample sizes. Although Census samples are
quite large (see Table I1T), they are relatively small to compute the fraction of immigrants
from each country of origin in a given education—experience—period cell. Even when this
is possible for top countries of origin, these shares would be very imprecisely estimated
for quantitatively minor sources of immigrants.

To circumvent this problem, I estimate the first stage regression with aggregate data
(aggregated over origin countries). In other words, instead of estimating the first stage at
the bilateral data, and then predicting the aggregate shares as in equation (4), regress the
aggregated share of immigrants on an aggregation of the instrument over origin countries:

Q

Pijee = > (ZgpIndg) ot + iy + M + 00 + Vi + S + G + Ry (7)
q=1

where the tilde denotes that the original fixed effects from equation (3) are multiplied by
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(. This estimation does not require further additional assumptions, as it is asymptotically
equivalent to the estimation of the first stage using bilateral data.'?> The difference between
the two approaches would be the precision with which ay; is estimated. On the one hand,
estimating the first stage at the bilateral level would provide additional degrees of freedom,
increasing the sample size by a factor of 188. However, immigrant shares at the bilateral
level would be computed with important measurement error, which would reduce the
precision of the estimates. Given sample sizes, it seems plausible that the second effect
prevails. As a robustness check for this method, several specifications estimating the first
stage aggregated only at the continent of origin level are estimated, obtaining very similar

results.

5. BASIC RESULTS AT THE NATIONAL LEVEL

FIGURE III.— ACTUAL AND PREDICTED IMMIGRANT SHARES FOR SOME FIRST
STAGE SPECIFICATIONS

1. Baseline 7. Include Female #5i. Unbalanced Panel
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NotTEe: Black: U.S. and Canada. Gray: Austria, France, Greece, Ireland, Switzerland, and, in the
unbalanced panel, additionally, Netherlands, Italy, Portugal, and Spain. Left figure: baseline; center:
includes females in labor force counts to compute the shares; right: unbalanced panel, which adds the
four additional destination countries listed above for some periods, and year 1960 for some countries.
The scatter diagrams relate the share of immigrants in each education-experience-period-country cell
with the corresponding prediction using the instruments described in the text. Both actual and
predicted shares are net of education, experience, country-period, education-period, experience-period,
and education-country fixed effects. The lines represent the corresponding fitted regression for each
group. Each observation is weighted by the number of observations used to compute the shares in
each destination country/period. P-values of two specification tests are included in the bottom-right
corner: an F' test of the joint relevance of the excluded instruments, and a (Chow-type) F' test of
structural change between the two sub-samples. Sample selection and further details described in the
main text.

12 To see this, note that the moment conditions given by equation (5) or equation (6) are the same
under the two approaches.
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TABLE IV.—FIRST STAGE COEFFICIENTS FOR THE BASELINE ESTIMATION

Push Factor:

War (deaths) Democracy Autocracy

Primary Education

[0-8] years — — _

[9-16] years 0.240 (0.161) 0.018 (0.015) 0.006 (0.005)

[17-24] years 0.186 (0.120) 0.009 (0.010) 0.005 (0.004)

[25-31] years 0.132  (0.090) 0.003  (0.007) 0.003  (0.003)

32+ years 0.005 (0.183)  -0.007 (0.017) 0.001  (0.007)
Secondary education

[0-8] years -1.435 (0.420)  -0.096 (0.023) 0.064 (0.018)

[9-16] years -1.243  (0.406)  -0.081 (0.024) 0.069 (0.020)

[17-24] years -1.296 (0.426)  -0.089 (0.025) 0.068 (0.018)

[25-31] years -1.339  (0.444)  -0.095 (0.026) 0.067 (0.017)

32+ years -1.435 (0.468) -0.104 (0.031) 0.065 (0.019)
Tertiary education

[0-8] years -1.705 (0.409)  -0.103 (0.024) 0.067 (0.018)

[9-16] years -1.505 (0.392)  -0.087 (0.025) 0.072  (0.020)

[17-24] years -1.558 (0.417)  -0.095 (0.026) 0.071  (0.018)

[25-31] years -1.604 (0.437)  -0.101 (0.027) 0.070 (0.017)

32+ years -1.698 (0.462) -0.110 (0.032) 0.068 (0.020)

NoTE: The table reports the first stage coefficients of the excluded instruments for the baseline
first stage regression. The regression relates the share of immigrants in each education-experience-
period-country cell with the interactions of the push factors listed in the top row with distance and
with education-experience cell specific coefficients, as described in the text (see equation (6)). The
regression includes education, experience, country-period, education-period, experience-period,
and education-country fixed effects, which are not reported. The sample includes a balanced
panel of active (employed and unemployed) male aged 18-64 for census dates from 1970 to 2000.
Destination countries considered in the sample include the U.S., Canada, Austria, France, Greece,
Ireland, and Switzerland. The regression is fitted to 420 observations. Standard errors, clustered
at the education-experience cell level, are in parentheses. Further details in the main text.
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TABLE V.—THE EFFECT OF IMMIGRATION ON NATIVE WAGES OF
EDUCATION-EXPERIENCE GROUPS (U.S. AND CANADA)

Log monthly wages Log annual wages
OLS v OLS v
Baseline -0.556 -1.331 -0.639 -1.505
(0.151)  (0.450) (0.333)  (1.113)
Unbalanced panel -0.557 -1.667 -0.642 -2.146
(0.152)  (0.555) (0.336)  (1.293)
Includes female in LF counts -0.620 -1.405 -0.630 -1.506
(0.161)  (0.427) (0.387)  (1.124)
Includes native LF as control -0.484 -1.130 -0.407 -0.842
(0.141)  (0.411) (0.263)  (0.930)
Unweighted regression -0.399 -0.974 -0.401 -0.815
(0.215)  (0.732) (0.351)  (1.330)

NoTE: The table reports the coefficient of the immigrant share from regressions where the dependent
variable is the average log wage for native males aged 18-64 in each education-experience-period-
country cell (monthly or annual as indicated). See the text for a detailed description of the instrument
used in IV estimates. Standard errors are reported in parenthesis and are clustered by education-
experience-country cells. All regressions have 120 observations in the second stage, except those
labeled as “Unbalanced panel” (135). All regressions are weighted by the sample size used to compute
wages in each cell except otherwise indicated. All regressions include education, experience, country-
period, education-period, experience-period, and education-country fixed effects.

TABLE VI..—THE EFFECT OF IMMIGRATION ON U.S. NATIVE WAGES

Log monthly wages Log annual wages
OLS v OLS v
Baseline -0.694 -1.471 -0.910 -1.639
(0.257)  (0.510) (0.592)  (1.408)
Unbalanced panel -0.697 -1.789 -0.916 -2.252
(0.254)  (0.621) (0.587)  (1.583)
Includes female in LF counts -0.762 -1.545 -0.858 -1.650
(0.260)  (0.501) (0.721)  (1.450)
Includes native LF as control -0.550 -1.218 -0.416 -0.874
(0.262)  (0.482) (0.560)  (1.174)
Unweighted regression -0.800 -1.594 -0.853 -1.355
(0.388)  (0.770) (0.888)  (1.853)

NoTE: The table reports the coefficient of the immigrant share from regressions where the dependent
variable is the average log wage for native males aged 18-64 in the U.S. in each education-experience-
period cell (monthly or annual as indicated). See the text for a detailed description of the instrument
used in IV estimates. Standard errors are reported in parenthesis and are clustered by education-
experience cells. All regressions have 60 observations in the second stage, except those labeled as
“Unbalanced panel” (75). All regressions are weighted by the sample size used to compute wages in
each cell except otherwise indicated. All regressions include education, experience, country-period,
education-period, experience-period, and education-country fixed effects.
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TABLE VII.—ROBUSTNESS TO DIFFERENT COMBINATIONS OF INSTRUMENTS

OLS Baseline  Deaths Democ./ Democr. Autocr. Months  Dissagr.

only autocr. only only of war instr. by

only continent
Log monthly wages -0.556 -1.331 -1.746 -1.584 -1.684 -1.949 -1.699 -1.520
(0.151) (0.450) (0.542) (0.549) (0.574) (0.616) (0.531) (0.597)
Annual Wages -0.639 -1.505 -1.803 -1.685 -1.684 -2.104 -1.724 -2.061
(0.333) (1.113) (1.570) (1.357) (1.574) (1.752) (1.520) (1.085)
Joint relevance 0.000 0.000 0.000 0.014 0.001 0.000 0.000
Stability subspl. 0.824 0.490 0.612 0.761 0.672 0.629 0.940

NoTE: The table reports the coefficient of the immigrant share from regressions where the dependent
variable is the average log wage for males in each education-experience-period-country cell (monthly
or annual as indicated). The two first columns are baseline OLS and IV estimates from Table V. The
following columns use alternative combinations of instruments; see the text for further details on the
instruments used in each case. The last column uses all instruments, but the first stage is estimated at a
more dissagregated level, by continents; hence, in this case, the instrument is predicted at the continent
of origin level, and then aggregated to be used in the second stage. Standard errors are reported in
parenthesis and are adjusted for clustering within education-experience-country cells. All regressions
have 120 observations in the second stage. All regressions are weighted by the sample size of the cell.
All regressions include education, experience country-period, education-period, experience-period, and

education-country fixed effects.
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6. REEXAMINING THE SPATIAL CORRELATIONS

TABLE VIII.—THE EFFECT OF IMMIGRATION ON NATIVE WAGES AT THE
REGIONAL LEVEL

Log monthly wages Log annual wages
OLS v OLS v
Baseline -0.262 -0.926 -0.217 -0.619
(0.085)  (0.287) (0.117)  (0.435)
Unbalanced panel -0.274 -1.026 -0.240 -0.944
(0.089)  (0.353) (0.116)  (0.499)
U.S. only -0.248 -1.043 -0.209 -0.740
(0.102)  (0.297) (0.141)  (0.463)
Includes female in LF counts -0.285 -1.142 -0.210 -0.897
(0.088)  (0.277) (0.128)  (0.432)
Includes native LF as control -0.243 -0.798 -0.175 -0.319
(0.084)  (0.304) (0.114)  (0.425)
Unweighted regression -0.299 -0.632 -0.226 0.002
(0.081)  (0.302) (0.119)  (0.460)

NoTE: The table reports the coefficient of the immigrant share from regressions where the dependent
variable is the average log wage for native males aged 18-64 in each education-experience-period-
region cell (monthly or annual as indicated). The following regions have been considered: Atlantic
region, Quebec, Ontario, the Prairies, and British Columbia for Canada, and New England, Middle
Atlantic, East North Central, West North Central, South Atlantic, East South Central, West South
Central, Mountain and Pacific divisions for the U.S. See the text for a detailed description of the
instrument used in IV estimates. Standard errors are reported in parenthesis and are clustered by
education-experience-region cells. All regressions are estimated with 840 observations in the second
stage, except those labeled as “Unbalanced panel” (975), and “U.S. only” (540). All regressions are
weighted by the sample size used to compute wages in each cell except otherwise indicated. All
regressions include education, experience, country-period, education-period, experience-period, and
education-country fixed effects.
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TABLE IX.—ROBUSTNESS OF RESULTS AT THE REGIONAL LEVEL TO DIFFERENT
COMBINATIONS OF INSTRUMENTS

OLS Baseline  Deaths  Democ./ Democr. Autocr.  Months

only autocr. only only of war
only

Log monthly wages -0.262 -0.926 -1.369 -1.053 -1.086 -1.363 -1.168
(0.085) (0.287) (0.372) (0.315) (0.326) (0.393) (0.350)

Annual Wages -0.217 -0.619 -0.743 -0.747 -0.667 -0.960 -0.603
(0.117) (0.435) (0.690) (0.495) (0.547) (0.705) (0.608)

Joint relevance 0.000 0.002 0.003 0.007 0.014 0.007
Stability subspl. 0.357 0.653 0.484 0.573 0.888 0.713

NoTE: The table reports the coefficient of the immigrant share from regressions where the dependent
variable is the average log wage for males in each education-experience-period-country cell (monthly or
annual as indicated). The two first columns are baseline OLS and IV estimates at the regional level
from Table VIII. The following columns use alternative combinations of instruments; see the text for
further details on the instruments used in each case. Standard errors are reported in parenthesis and are
adjusted for clustering within education-experience-region cells. All regressions have 840 observations in
the second stage. All regressions are weighted by the sample size used to compute average wages of the
cell. Education, experience, country-period, education-period, experience-period, and education-country
fixed effects are included in all regressions.
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7. STRUCTURAL APPROACH

8. CONCLUSIONS
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