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Summary

This thesis is a collection of three essays on the economic consequences of 
international migration.

The first chapter studies the impact of emigration on wages in the sending 
countries. It exploits a change in the migration laws in Europe following EU 
enlargement in 2004 which triggered an emigration wave of 1.2 million workers 
within 3 years. Using data from Lithuania, the UK and Ireland, I find that 
emigration led to an increase in the wages of stayers. For a 10 percentage-point 
increase in the emigration rate, wages increased on average by 6.6%. This effect 
is statistically significant for men, but not for women.

Chapter 2 is closely related to the first chapter, but extends the analysis 
along two important dimensions. First, it looks at the distributional impacts 
between different education and experience levels, and second, it incorporates 
general equilibrium effects that may become important when a significant share 
of the workforce emigrates. Using the same data as in chapter 1, I estimate 
the parameters of a structural model of labor demand, and simulate the post­
enlargement migration wave as a labor supply shock. The model shows that 
emigration had a significant effect on the wage distribution in the sending 
countries. Moreover, general equilibrium effects dampen the large wage re­
sponse found in chapter 1. As a result, emigration only increased the wages of 
young workers, while it had no significant effect on older workers.

The third chapter analyzes the impact of migrant networks on the migration 
decisions of future migrants. Many workers in developing countries use exist­
ing diaspora networks to obtain information about their job prospects abroad. 
However, not all networks have the same knowledge about the labor market. 
We first argue that networks that are well-integrated in the host society have 
a better knowledge about the labor market than less integrated networks such 
as ethnic enclaves, and are able to provide more accurate information. From a 
theoretical model we derive two hypotheses. First, migrants with access to a 
well-connected network make fewer mistakes in their decisions; they are more 
likely to migrate if they are better off abroad, and are more likely to stay if they 
would be worse off. Second, migrants with access to a well-integrated network 
emigrate earlier. Because they receive better information, they require fewer 
positive signals to be convinced that migration is beneficial. We test these hy­
potheses using data on recent Mexican immigrants in the US. We find robust 
support for the first hypothesis, but not for the second.
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Part I

Introduction



This thesis contains three chapters on the economic causes and consequences of 
international migration.

The first two chapters analyze the impact of emigration on the wage structure in 
the migrant sending countries. While most of the literature on the wage effects of 
migration has focused on the receiving countries, we know very little on the effect of 
migration in the sending countries. In both chapters I exploit the enlargement of the 
European Union in 2004, which triggered a large migration wave from Eastern Europe 
to the UK and Ireland.

The first chapter asks whether this emigration wave had a positive effect on wages 
in the sending country. A simple supply-and-demand framework would predict that 
emigration makes the remaining workers a more scarce resource and leads to an in­
crease in wages. The size of the wage increase depends on the demand elasticity — 
the reaction of labor demand to a change in wages. Most studies on the receiving 
countries found the demand elasticity to be very small, and thereby migration to have 
little effect on wages (Friedberg & Hunt, 1995; Kerr & Kerr, 2011). If labor markets 
in the sending countries are different, the wage effects of migration may be more or 
less pronounced than in the receiving countries. For the estimation I use a skill group 
approach as in Borjas (2003), which clusters the workforce into several skill groups de­
fined by education and work experience. In a reduced-form regression this approach 
relates real wages to the share of emigrants per skill group and exploits the variation 
in wages and emigration rates within skill groups over time. Identification is based 
on an exogenous change in the migration laws following EU enlargement. Workers 
were only allowed to move to the old member states of the EU after the enlargement in 
2004, even though the incentives to migrate had existed long before 2004. Using data 
from Lithuania and the two main receiving countries, Ireland and the UK, I find that 
emigration had, on average, a positive effect on the workers that stay behind. Yet the 
effect is only statistically significant for men, not for women.

While the first chapter provides robust evidence for an average wage effect, it has 
two important limitations. First, the reduced-form approach does not allow for an 
analysis of the distributional effects of emigration. In Eastern Europe, distributional 
effects are potentially large, as the emigration wave after EU enlargement led to an ex­
odus of young workers, while old workers stayed behind. Second, it does not account 
for aggregate demand effects. If a share of the workforce leaves the country, this can 
dampen aggregate demand, which in turn decreases wages.

In the second chapter I overcome these limitations by using a structural model to 
estimate the effect of the post-EU-enlargement emigration wave on the wage struc­
ture in the sending countries. Following Card & Lemieux (2001), Borjas (2003), and 
Ottaviano & Peri (2011), I use a nested CES labor demand framework that allows for
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different degrees of substitutability between workers with different education and ex­
perience and that incorporates aggregate demand effects. I first estimate the structural 
parameters of the model, which I use to calibrate the model on the Lithuanian labor 
market. Based on stock and flow data from the UK and Ireland I simulate the post­
enlargement emigration wave and calculate the effect of emigration on the wages of 
different groups of workers. The results show that only the youngest cohort gained 
from emigration. There are two channels that lead to this result. First, most of the em­
igrants were young, so that the own-wage effect is higher for young workers. Second, 
the emigration wave dampened aggregate labor demand, which decreased the wages 
for all workers. For young workers the difference of both effects is positive, while for 
older workers the two effects cancel each other out.

The third chapter, co-authored with Gaia Narciso and Jacco Thijssen, studies the 
impact of diaspora networks on migration decisions. These networks play an impor­
tant role in passing on information about job prospects to future migrants, but not all 
networks have the same knowledge about the labor market in the receiving country. 
We argue that networks that are more integrated in the society of the receiving country 
have a better knowledge of the labor market than ethnic enclaves. Members of an en­
clave mostly have connections with other members and receive little information from 
the world outside the enclave. Therefore, misinformation about job prospects is more 
persistent in ethnic enclaves.

In a theoretical decision model we show that migrants who receive information 
from an enclave are more likely to make an error in their migration decisions — they 
migrate although they would be better off staying and they stay although they would 
be better off emigrating. In addition, we show that the quality of information affects 
the timing of the migration decision. Migrants with access to a less-integrated net­
work need more information about their job prospects and, hence, migrate later. We 
test these theoretical predictions empirically using data on Mexican migrants in the 
US. Our results are consistent with the first hypothesis; migrants who were connected 
to more integrated networks were more successful and made less mistakes in their de­
cision. Our second hypothesis, however, is not confirmed by the data. The quality of 
the network seemingly has no impact on the timing of migration decisions.
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Part II

Emigration and its Impact on Wages
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Chapter 1

Does Emigration Benefit the Stayers? Evidence from 

EU Enlargement

I have presented this w ork at the A nnual M eeting of the EEA (Glasgow 2010), the A nnual Conference 
of the Irish Economic Association (Belfast 2010), the 3rd RGS Doctoral Conference (Bochum 2010), the 
6th m eeting of the Irish Society of N ew  Economists (Limerick 2009), and in internal sem inars at Trinity 
College Dublin. Throughout this project I received valuable suggestions from m y thesis advisor. Prof. 
Gaia Narciso. I am also grateful to the Irish and L ithuanian statistics offices for their help w ith  the data. 
The European Economic Association selected this paper for the FEEM aw ard, given to the three best 
papers by an economist under the age of 30 at the annual conference in Glasgow 2010. This article has 
been conditionally accepted for publication at the Journal of Population Economics.
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1.1 Introduction

Migration affects both sending and receiving countries. While a vast literature docu­
ments the impact of migration on wages and employment in the receiving countries, 
there is only sparse evidence on its impact on the sending countries.^

In this paper I exploit the emigration wave from Lithuania after the enlargement of 
the European Union to study the effect of emigration on wages in the sending coun­
tries. With EU enlargement in 2004, Lithuanian workers were allowed to migrate with­
out restrictions to the United Kingdom (UK), Ireland and Sweden. Between 2004 and 
2007, around 9% of the workforce took this opportunity and emigrated to the UK and 
Ireland. The large emigration wave -  caused by a change in the institutional frame­
work -  makes Lithuania an ideal case study of a sending country.

To identify the effect of emigration on wages, I use the skill-group approach pro­
posed by Borjas (2003). This approach clusters the workforce in a number of skill 
groups -  defined by gender, education, and work experience -  and compares emi­
gration rates and real wages within each skill group before and after EU enlargement.

Using microdata from Lithuania, and work permit and census data from the UK 
and Ireland, I show that emigration has a significant positive effect on the wages of 
stayers. Groups with larger emigration rates had higher wage increases. A 10% in­
crease in the emigration rate predicts an average increase in real wages of 6.6%. This 
positive effect, however, is only statistically significant for men, but not for women. 
Given that emigration was triggered by an exogenous change in migration laws, the 
results can be interpreted as causal.

The positive effect of migration on wages is consistent with a simple supply-and- 
demand framework. Migration decreases labor supply, which - given a downward- 
sloping labor demand curve - leads to an increase in wages. The absence of a statisti­
cally significant effect for women is surprising, given that women accounted for 40% of 
all emigrants. Potential explanations are a positive self-selection of female emigrants, 
or endogenous responses in labor supply, i.e. women who had not been working pre­
viously filled the job of women who emigrated.

The institutional arrangements in the European Union allow me to overcome data 
constraints that are inherent in the study of sending countries. Sending countries typi­
cally do not keep records of emigrants, which makes it difficult to quantify the number 
of emigrants. With EU enlargement, workers from the new member states were only 
allowed to migrate to the UK, Ireland, and Sweden. Therefore, it is possible to cal­
culate the number of Lithuanian emigrants from the census and work permit data of

'See Kerr & Kerr (2011) and Clemens (2011) for reviews of the literature on the economic effects of 
migration on receiving and sending countries.
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these countries.
To be certain, identification faces several challenges. One challenge is omitted vari­

able bias. Wages are determ ined by num erous factors other than migration, for exam­
ple FDI inflows, trade, or unem ploym ent. If these factors are omitted from the model, 
the results m ay be biased. To tackle this problem, I add a rich set of dum m y variables 
and interaction terms to the regression, which account for changes in the returns to 
education and experience, and differences in the age-earnings-profile across education 
groups. In addition, I control for FDI, exports, and unem ploym ent at the regional level. 
The results are not sensitive to the inclusion of these variables, however.

An additional challenge is self-selection. Average wages may increase, sim ply be­
cause workers from the lower end of the wage distribution have left the country. Given 
the data on em igrants from the UK and Ireland, it is not possible to assess directly 
w hether emigrants w ithin a skill group were negatively selected. An inspection of 
the wage distribution in Lithuania before and after EU enlargement, however, does 
not indicate a negative selection. Moreover, as the receiving countries have on aver­
age higher skill requirements, selection should be positive, and the results w ould  be 
downward-biased.

This paper adds to the literature on the wage effect of emigration, as it shows that 
em igration increases wages in the short run. Previous literature has looked at long­
standing migration movements. Using the same approach as this study, Mishra (2007) 
and Aydemir & Borjas (2007) show that em igration from Mexico to the US has led to 
a long-run increase in wages in Mexico. Bouton et al. (2011) find similar results for 
M oldova. This paper, by contrast, exploits a sudden em igration shock to show that 
em igration increases wages even in the short run.^

The EU enlargement w as one of the rare occasions in which high-income countries 
opened their borders for workers in middle-income countries. The results of this study 
are therefore of interest for middle-income countries that may face a similar situation in 
the future. If the US, for example, opened its borders for workers from South America, 
it w ould be helpful for policymakers in the sending countries to know w hat fraction 
of the population they can expect to emigrate, and w hat consequences this em igration 
wave has on the labor market.

1.2 EU Enlargement and Migration

The EU enlargement in May 2004 was a milestone in the process of European inte­
gration. 15 years after the fall of the Iron Curtain, 8 former socialist countries from

În a recent paper, Gagnon (2011) uses the emigration wave from Honduras after Hurricane Mitch, 
and finds wage effects that are similar to those in this paper.
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Central and Eastern Europe became members of the European Union. At the time of 
EU enlargement, the new member states were still in the process of economic transi­
tion. Compared to Western Europe, economic output in the new member states was 
considerably lower, which also translated into substantial wage differentials. In 2004, 
wage differentials were highest in Latvia and Lithuania, where workers earned on av­
erage 30% of the PPP-adjusted wage in the UK.^

As wage differentials are a major driving force of international migration, the mi­
gration potential in the new member states before ELI enlargement was substantial. 
Studies that estimated the migration potential from the new member states before the 
enlargement predicted that between 3% (Bauer & Zimmermann, 1999; Boeri & Briicker, 
2001) and 5% (Sinn, 2004) of the population of the new member states would migrate 
within 15 years.

With freedom of movement being a core principle of the European Union, the en­
largement would have allowed workers from the new member states to work in any 
other EU country. Policymakers in the old member states, however, feared that a large 
immigration wave from Eastern Europe could depress wages, increase unemployment 
(Zaiceva & Zimmermann, 2008), and impose a burden on the welfare state, and de­
cided to give the old member states the option to restrict access to their labor markets 
until 2011. Only the UK, Ireland, and Sweden opened their labor markets in 2004.

Given the restrictions in other potential destination countries — above all Germany 
and France — and the good economic conditions in the UK and Ireland, it was no sur­
prise that these two countries were the destination for the majority of workers from 
Eastern Europe. Between 2004 and 2007 the UK issued around 770,000 and Ireland 
around 400,000 work permits to workers from the new member states, while only 
19,000 workers went to Sweden (Wadensjo, 2007). Eisner (2011) shows that the magni­
tude of the emigration wave was particularly large in Lithuania. 9% of all Lithuanian 
workers received a work permit in the UK and Ireland — in Latvia and Slovakia the 
share was 6%, in Poland 5%.^ Most of the emigrants were young, and had a medium 
to high education level (Zaiceva & Zimmermann, 2008).

A number of studies have evaluated the economic consequences of this migration 
wave.^ Most studies on the receiving countries did not find the effects of the immigra­
tion wave on wages and employment to be large (Barrett, 2009; Blanchflower & Shad- 
forth, 2009). On the side of the sending countries, the evidence is purely descriptive. 
Kaczmarczyk et al. (2009) and Hazans & Philips (2009) illustrate that wages in Poland

^Own calculations from Eurostat.
^Hungary and the Czech Republic, on the contrary, had outflows of less than 1%.
®See Constant (2011) for a review of the most recent literature and Kahanec & Zimmermann (2009) 

for a collection of country studies on EU enlargement. Barrell et  al. (2010) illustrate the macroeconomic 
consequences of migration on the sending and receiving countries.
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and the Baltic States increased while unem ploym ent decreased after EU enlargement. 
This paper extends the existing literature, as it presents a first econometric evaluation 
of the effect of the post-enlargem ent m igration wave on the source countries.

1.3 Data and Descriptive Statistics

To analyze the effect of em igration on wages, one w ould ideally like to use a micro­
dataset that contains inform ation on both em igrants and stayers. Such a dataset, how ­
ever, is usually not available for the sending countries. In most countries, emigrants 
are not obliged to de-register, wliich makes it difficult for the sending countries to keep 
reliable records on their emigrants. Following Mishra (2007), I use data from the two 
main destination countries — Ireland and the UK — to calculate the num ber of Lithua­
nian em igrants for different groups of workers and match them w ith stayers from the 
same groups. The remainder of this section describes the datasets used in this study 
and explains the calculation of the num ber of emigrants.^

1.3.1 L ithuanian H ousehold Budget Survey

The core dataset of this study is the Lithuanian H ousehold Budget Survey (HBS), 
which is available for the years 2002, 2003, 2005 and 2006. The HBS is an annual sur­
vey of 7,000-8,000 households; it is representative at the individual level and contains 
information on income and expenditure, as well as individual characteristics such as 
sex, age, education and place of residence. The HBS does not contain inform ation on 
occupations, industries, or sectors.

The sample contains employees aged 18-64 w orking in the private sector. I exclude 
public sector w orkers because wages in the public sector are typically determ ined by 
seniority pay and not by supply and dem and. In addition, I drop workers w ith zero or 
negative disposable income, pensioners, self-employed workers and workers whose 
main income comes from their own farm.

The variable income from employment, deflated by the HCPI, gives inform ation on 
real m onthly gross wages. As we can see in Table 1.1a), real wages increased by around 
40% between 2002 to 2006. Along w ith the wage level, the standard deviation of wages 
increased.

A potential concern w ith household budget surveys is over- or under-reporting of 
income, which can bias the results. To assess the degree of misreporting bias, I compare 
the self-reported real wages from the HBS in Table 1.1a) w ith the wages from the live 
register from the Lithuanian Statistical Office in Table 1.1b). It is reassuring that both

^The entire section on data is sim ilar to Eisner (2011), w hich uses the same data sources.
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sources report similar average real wages, so that misreporting should not bias the 
results.

1.3.2 Irish Census

To obtain the stocks of Lithuanian migrants in Ireland and to determine the migrants' 
skill distribution I use data from the Irish census in 2002 and 2006.

The Irish census is carried out every 4-5 years and covers the entire population that 
is present in Ireland in the census night. For the 2002 and 2006 censuses, the Central 
Statistics Office (CSO) of Ireland provided a tabulation of the number of Lithuanians 
by their educational attainment, gender and age.

Table 1.2 reports the characteristics of Lithuanian migrants in Ireland in 2002 and 
2006. Most migrants had an upper secondary education and were in their 20s. The 
number of men in 2006 was 30% higher than the number of women. The difference 
in the number of Lithuanians in Ireland between 2002 and 2006 shows that the major­
ity must have migrated to Ireland around or after the time of EU enlargement. No­
tably, the education distribution did not change significantly over time, even though 
the stock of migrants in 2006 was 10 times higher than in 2002.

Comparing the migrants in Table 1.2b) to the stayers in Table 3.3a), we can see that 
the migrants were on average younger and less educated than stayers. The share of 
workers with a lower secondary education is larger among migrants, while there are 
relatively less migrants with an upper secondary or a third-level education. Migrants 
were on average 12 years younger than stayers.

1.3.3 Irish and UK Work Permit Data

To obtain the total number of Lithuanian emigrants, I use work permit data from the 
UK and Ireland. While the census data reflects a lower bound to the number of mi­
grants, the work permit data is an upper bound of the migration flows from Lithuania 
to the UK and Ireland. Work permit data captures every person who comes to the UK 
and Ireland and wants to take up employment, be it for a permanent position or for 
a temporary job. The number of workers who left the Lithuanian workforce perma­
nently should therefore be lower than the number of work permits.

Figure 1.1 shows the number of work permits granted to Lithuanians between 2002 
and 2007. In total, the number of Lithuanian migrants to the UK and Ireland amounted 
to 150,000. As we can see, the migration wave set in with EU enlargement in 2004 and 
reached its peak in 2005.

As a measure of the number of work permits I use national insurance numbers
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Table 1.1: Summary statistics Lithuania

2002 2003 2005 2006

a) Lithuanian HBS
Observations

men 2,322 2,411 2,426 2,314
wom en 1,628 1,725 1,616 ],560

Education
lower secondary 8.81% 10.42% 10.76% 9.91%
upper secondary 69.01% 69.17% 67.62% 67.48%
third-level 22.18% 20.41% 21.62% 22.61%

M onthly Earnings (LTL)
men 1,185 1,252 1,440 1,688

(856) (913) (981) (1,134)
wom en 940 988 1,189 1,303

(684) (686) (890) (985)

b) Lithuanian Statistical Office
M onthly Earnings (LTL) 

men 1,173 1,227 1,420 1,676
w om en 998 1,029 1,167 1,356

N ote: a): Summary statistics for all employees between 18 and 64 years. Education groups: lower secondary education 

(10 years or less of schooling), upper secondary education (more than 10 years of schooling, but no finished third- 

level education), third-level degree (at least 15 years of schooling and B.Sc equivalent). Percentages of educational 

distribution relative to all men and women in a given year. Monthly earnings are deflated by the HCPl. Standard 

errors of monthly earnings in parentheses.

b) monthly earnings are average gross monthly real earnings in LTL.
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Table 1.2: Sum m ary statistics Irish census

2002 2006
Observations

men 978 12,085
women 904 9,293

Education
lower secondary 16.6% 20.1%
upper secondary 63.4% 62.3%
third-level 20.0% 17.56%

Age
<20 3.5% 2.8%
20-29 53.3% 60.7%
30-39 26.0% 24.6%
40-49 23.3% 9.4%
50+ 3.9% 2.5%

Note: Tliis table displays the sum m ary statistics of the Irish census. Education groups: lower secondary education (10 

years o r less of schooling), up p er secondary education (more than 10 years of schooling, bu t no finished third-level 

education), third-level degree (at least 15 years of schooling and B.Sc equiv'alent). Percentages of education and age 

d istribution relative to all m en and w om en in a given y ear
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Figure 1.1: Lithuanian immigrants to the UK and Ireland, 2002-2007

Notes: N um ber of Lithuanian im m igrants to the UK and Ireland betw een  2002 and 2007, as m easured by the number 

of w ork  perm its (PPS N um ber in Ireland, National Insurance N um bers in the UK),

Sources: Irish D epartm ent o f Social and Fam ily Affairs, UK D epartm ent for Work and Pensions.

(NINo) for the UK and personal public service numbers (PPS) for Ireland/ The work 
permit statistics reflect actual migration, because workers only receive a work permit 
if they are physically present in the destination country. To obtain a work permit, a 
worker has to report in person to the Social Welfare Office in Ireland or the Department 
for Work and Pensions in the UK and produce a proof of address. If a worker moves 
back-and-forth between Lithuania and either the UK or Ireland, she keeps her work 
permit, so that repeated migration does not cause double counts.®

1.3.4 Calculation of Emigrant Numbers

From the census and work permit data I now construct measures for the number of 
emigrants by gender, education, experience, and year. For the baseline specification 
I use a combination of all data sources, as the census is likely to under-estimate, and 
the work permit data is likely to over-estimate the number of emigrants. Moreover,

^For further information about PPS and NINO numbers, see http://www.welfare.ie and 
http://www.direct.gov.uk. In 2004 the UK introduced a Worker Registration Scheme (WRS) for work­
ers from the new member states. Compared to the data from the WRS, NINo offers the advantage that it 
provides information on immigration before 2004. The WRS and NINo numbers after 2004 are similar.

^Double counts are only possible if workers received a work permit in both destination countries. Al­
though there does not seem to be any evidence of large numbers of workers registering in both countries,
I am aware that double counting could downward-bias the estimates.
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only the Irish census contains information on the skill distribution of migrants, while 
the UK and Irish work permit data only contains information on the inflows per year. 
Census data from the UK is not available for the time around EU enlargement, as the 
census was carried out in 2001 and 2011.^

To construct measures for the number of emigrants, I take the skill distribution 
of Lithuanian migrants from the Irish census and multiply it with a weighting factor 
which accounts for migrants to the UK. The calculation of the share of emigrants is 
based on the assumption that the skill distribution of Lithuanian immigrants in Ire­
land is the same as the skill distribution of Lithuanians in the UK. As shown by Eisner 
(2011), this assumption is justified, as the education and age distribution of migrants 
from the 8 New Member States in Ireland and in the UK is almost identical. In addi­
tion, Hazans & Philips (2009) show that even though migrants from Latvia, Lithuania 
and Estonia work in different sectors in Ireland and the UK — in Ireland more in con­
struction and trade, in the UK more in agriculture and services —  their education and 
age profile is the same in both countries.

To make use of all available rounds of the HBSI construct measures for the emigra­
tion rates in 2003 and 2005 from the censuses in 2002 and 2006, assuming that the skill 
distribution of migrants arriving in 2003 is the same as in 2002, and likewise that the 
skill distribution of migrants in 2005 is the same as in 2006. Table 1.2 suggests that the 
education distribution has been constant between 2002 and 2006, which implies that 
the education distribution has neither changed between 2002 and 2003, nor between 
2005 and 2006. The age distribution, on the other hand, has changed between 2002 
and 2006; the cohorts arriving after 2002 have been on average younger than the co­
horts before 2002. Nevertheless, given that 2002 and 2003 are both before and that 2005 
and 2006 are both after EU enlargement, it is plausible to assume that workers coming 
in 2003 had roughly the same age distribution as those coming in 2002, and workers 
arriving in 2005 had the same age distribution as those arriving in 2006.

For t = (2002,2006), the number of emigrants is

( i  +  ■ ( 1 - 1 )

lEghj is the number of Lithuanians in Ireland in a gender(5)-education(/i,)-experience(j) 
cell at time t. N IN O t  arid PPSt  are the numbers of British and Irish work permits is­
sued to Lithuanians in year t. The first term in parentheses (1 in this case), accounts 
for the number of migrants in the Irish census. The second term, , accounts for

’other UK datasets, the Labour Force Survey and the European Community Household Panel have 
few observations on immigrants in each round, and they group immigrants from Eastern Europe by 
region, not by country.
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m igrants to the UK. If, for example, in 2006 the num ber of w ork perm its in the UK was 
50% higher than the num ber of work perm its in Ireland, this factor is 1.5.

For the year 2003 I take the skill distribution from 2002 and weight it w ith the 
inflows of 2003. Analogously, for the year 2005 I use the skill distribution from 2006. 
The num ber of em igrants for 2003 and 2005 are

A f 2003 _  r i r2 0 0 2  ( P P S 2OO3 N I N O 2 0 0 3 \

+ P P S 2 O O 2  J
a^2005 _  r p 2 0 0 6  ( P P S 2OO5 N I N O 2 0 0 5 \

^  [ P f ^ e  +  P P S 2 o o e  )  ■

(1 .2 )

^ j  . (1.3)

The first term in parentheses, ppsHH ppf^°°g accounts for the changes in inflows 
between 2002 and 2003, and between 2005 and 2006.^° As in Equation (1.1), the second 
term  in parentheses represents the num ber of m igrants to the UK.

To calculate the em igration rate m  per skill group and year I divide the num ber 
of em igrants from Equations (1.1) to (1.3) by the population in Lithuania of the same 
group,

ap

2^ Pghjt
I

The population of skill group ghj  in year t is the sum  of the sam pling weights p^hji 
all workers i in the Lithuanian HBS that belong to this group.

One might be concerned that the calculated em igration rate may over-estimate 
the actual change in labor supply, in case m igrants from other countries had come 
to Lithuania and taken up the jobs of the workers w ho left. In fact, the Lithuanian im­
m igration statistics show an increase in the num ber of im m igrants between 2002 and 
2006. A closer look, however, indicates that this increase was in large parts driven by 
return m igrants from the UK.^^

The share of em igrants could also be under-estim ated, if workers m oved to other 
countries besides the UK and Ireland. A particular concern m ay be em igration to Rus­
sia. Russia is potentially an im portant destination, as m ost Lithuanians speak Russian 
as a second language and both countries have strong economic ties. The Russian im­
m igration statistics, however, do not give any evidence for mass im m igration from

10 consists of two factors: > which accounts for the size of m igrant flows to
the UK relative to Ireland and p p s H H ' accounting for the change in m igration flows to Ireland from 2002 
to 2003. By m ultiplication of those two terms, PPS2003 cancels out.

” The sam pling w eight Pghijt is the inverse probability that observation i is included in the sample. 
'^Source; Statistics Lithuania.
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Lithuania; im migration in the 2000s am ounted to 200-300 Lithuanians per year.^^

1.4 Empirical Framework

The theoretical underpinnings for the empirical strategy are derived from a simple 
supply-and-dem and model of a labor market. Emigration decreases the labor supply, 
which shifts the labor supply curve inwards. Given a constant, dow nw ard-sloping 
labor dem and curve, em igration makes the remaining workers a more scarce resource, 
and leads to an increase in wages.

1.4.1 The Skill Group Approach

To identify the average effect of em igration on wages, I use the skill-group approach 
proposed by Boijas (2003), which considers em igration rates and wages at the national 
level and exploits the variation in both variables within skill groups over time. If em ­
igration indeed increased wages, we should observe higher wage increases in groups 
with a higher share of emigrants.

A skill group is defined by the observable characteristics education and ivork experi­
ence. The workforce consists of 27 skill groups -  3 education and 9 experience groups. 
The 3 education groups are lower secondary education (at most 10 years of schooling), 
upper secondary education (11-14 years of schooling), and third-level education (at 
least 15 years of schooling).

A higher num ber of education groups w ould be desirable, as it w ould allow for 
more variation in em igration and wages across education groups. The available data, 
however, imposes a constraint on the num ber of education groups. The datasets from 
the sending and receiving countries differ in their classification of education groups; 
the HBS contains 12, the Irish census only 5 categories. Choosing 3 broad education 
groups makes it possible to consistently match em igrants and stayers w ith the same 
education level.

Each education group is divided into 9 experience groups: 0-4 years, 5-9 years, 10- 
14 years, ..., 40+ years of work experience. The work experience is calculated as the 
exposure to the labor market, i.e. the time since finishing education, experience = age 

- education - 6. The value for education is 10 years for lower secondary, 12 years for 
upper secondary, and 15 years for third-level education.

’^The available immigration figures are 376 in 2000, 213 in 2005, and 228 in 2006. The Russian statistical 
office does not report immigration statistics for the time between 2000 and 2005. Source: www.gks.ru; the 
author can produce the table on request.

’‘*See Appendix 1.A.2 for a detailed description of the educational tracks.
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1.4.2 Empirical Model

The empirical model is a regression of individual w^ages on the share of em igrants in 
the individual's skill group, estimated from pooled cross-sectional data. The baseline 
estim ating equation is

=  Snight +  ^ghtf^  +  +  exper + (^-5)

wage of individual i w ith education g, experience h in year t =  
2002,2003,2005,2006. mg^t is the em igration rate for individual i's skill group. The 
coefficient of interest, 5, denotes the percentage change in real wages associated w ith a 
1 percentage-point change in the em igration rate.

The dum m y variables year, educ, and exper absorb changes in average wages 
over time, and differences in average wages across education and experience groups. 
^ g h t  ^ vector of individual control variables, which include gender, m arital status, 
w hether individual i has children under 18, and w hether she lives in a city, is an 
error term. Because m,ght, the regressor of interest, is a group variable defined by ed­
ucation, experience and time, I cluster the standard errors at the year, education, and 
experience level.

The m odel in Equation (1.5) has the advantage that it uses a low num ber of degrees 
of freedom, but it potentially comes at the cost of omitted variable bias. The year, 
educ, and exper dum m ies reduce this bias, bu t there could be factors that have an 
im pact on wages over and above w hat is absorbed by the dumm ies. Examples are 
changes in the returns to education or experience, or dem and shifters such as FDI or 
exports. To account for these factors, I extend the baseline model w ith the interaction 
term s {year*educ), {year*exper), and {educ*exper). The interactions {year*educ) and 
{year*exper) absorb changes in the returns to education and experience; {educ*exper) 
accouiits for differences in the age-earnings profile across education groups.

The inclusion of interaction terms has the additional advantage that they absorb 
cross-wage effects. If the underlying theoretical model has a heterogeneous workforce 
w ith several skill groups, the im pact of em igration depends on the dem ographic char­
acteristics of the em igrants com pared to the stayers (Card & Lemieux, 2001; Borjas, 
2003). Emigration in one skill group affects the marginal product of all other groups, 
and has a larger wage im pact on groups that are close substitutes. After controlling 
for cross-wage effects, 5 measures the own-wage effect, i.e. the average effect of the 
em igration of workers from a specific skill group on the wages of that same group.
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1.4.3 Identification Issues

Sources of variation: skill groups vs. occupations vs. geography

The skill-group approach overcomes identification problems inherent in the m igration 
literature, by focusing on m igration and wages at the national level. A large num ber of 
studies have used geographic variation of m igration and wages to identify the im pact 
of im m igration on the wages of natives. The small and insignificant effect typically 
found in these studies can be the result of unobserved adjustm ent in local labor m ar­
kets or of the endogenous location choice of migrants. If m igrants locate in areas w ith 
more flexible labor markets, they m ay be absorbed w ithout depressing the w ages of 
natives, or im m igration can trigger the outflows of natives (Card, 2001). In addition, if 
m igrants locate in areas that experience an economic boom and high wages, a spuri­
ous positive correlation between the share of im m igrants and wages m ay appear. The 
skill group approach, by contrast, eliminates the endogeneity in the location choice 
of m igrants. Endogeneity bias could only arise if m igrants were able to choose their 
skill group, but this is not possible as w orkers generally make their education decision 
before they enter the workforce.

Some studies overcome the bias resulting from endogenous location choice by ex­
ploiting variation in m igration rates and labor m arket outcomes w ithin occupations 
at the national level (Card, 2001; Friedberg, 2001). If the occupation is predeterm ined 
by the im m igrants' education and training, and if im migrants cannot easily switch to 
occupations w ith higher wage growth, it is possible to estimate a causal effect of im ­
m igration on wages and employment.

Although the within-occupations approach can provide a clean identification, it 
requires information on the occupation before emigration, which is not available for 
Lithuanian workers in Ireland and the UK. The only available inform ation is the m i­
grants' current occupation after emigration. In the context of EU enlargement, how ­
ever, it is not possible to use this inform ation to infer the occupation before emigration. 
As shown by Kahanec et al. (2009, p. 20), D rinkw ater et al. (2009) and Saleheen & Shad- 
forth (2006), im m igrant w orkers from the new member states were overrepresented in 
typical low-skilled occupations, although their education level was on average higher 
than the level of natives. The skill group approach, by contrast, clusters the workforce 
in broader categories and makes em igrants and stayers comparable.

’^See Friedberg & Hunt (1995) and Kerr & Kerr (2011) for a review of this literature and Longhi et  al. 
(2010) for a meta-analysis.
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Endogeneity issues

The m arginal effect of em igration on wages only has a causal interpretation if em i­
gration is exogenous. Ideally, one w ould run  an experiment, in which the em igration 
rate is random ly assigned across skill groups. After controlling for all other factors 
in Equation (1.5), the average change in wages could then be exclusively attributed to 
em igration. As reality does not perm it such experiments, identification has to rely on 
quasi-experimental variation in em igration rates.

Identification in this study is based on an exogenous change in m igration laws after 
the EU accession of Lithuania in 2004. Only w hen the country joined the European 
Union were workers actually allowed to em igrate and take advantage of the higher 
w ages in Western Europe. As Figure 1.1 shows, few Lithuanians m igrated to Ireland 
and the UK before 2004, while the large m igration wave began in 2004. Using the 
variation in em igration rates and real wages w ithin skill groups from 2002 to 2006, 
the m odel in Equation (1.5) compares the em igration rates and wages for each skill 
group in the two years before and the two years after EU accession. The increase in 
em igration rates was caused by an exogenous policy change. Therefore, the changes 
in real wages, over and above the dum m ies and interaction terms, can be attributed to 
emigration.

A potential concern about the exogeneity of EU enlargement is that w orkers could 
have anticipated the lifting of migration barriers and accumulated destination-specific 
hum an capital. In the lead-up to EU enlargement, workers in Lithuania could have 
indeed anticipated that they were allowed to emigrate, as the country began its acces­
sion negotiations in 1999. Yet the destinations for migration only became clear in 2003, 
w hen the old member states decided on tem porary restrictions of their labor markets. 
Germany, for example, only decided in spring 2004 that it w ould keep its labor m arkets 
closed for w orkers from the new member states (Deutscher Bundestag, 2004).

While in theory the causality runs from m igration to wages, the direction of causal­
ity is less clear empirically. Wages can be a push factor for migration, as low wages 
create an incentive for w orkers to emigrate. In this case the relation between m igration 
and wages should be negative, as skill groups w ith low wages should have high em i­
gration rates. In the Lithuanian case, however, reverse causality should not confound 
the results. The em igration wave was triggered by the country's EU accession, and 
w orkers from all skill groups em igrated despite considerable wage increases. More­
over, if the estimate of 5 is positive, reverse causality can at most dow nw ard-bias the 
result.

Equation (1.5) only identifies the wage effect if labor dem and is constant. Shifts 
of the labor dem and curve, unless controlled for, can bias the estimates. One such
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dem and shifter is capital adjustment. Based on the idea of a Solow (1956)-type frame­
work, em igration leads to a decrease in the capital stock, which offset the wage effect 
of em igration in the long run. This paper, by contrast, studies a short-run effect, so 
that capital adjustm ents should not affect the results. Moreover, it is unlikely that 
firms decrease their capital stock in a period of high economic growth, as Lithuania 
experienced in the 2000s.

One m ight be concerned that the Lithuanian economy underw ent structural changes 
around the time of EU enlargem ent In particular, ELJ enlargement did not only change 
the m igration laws; Lithuania gained access to a free-trade area and received EU struc­
tural funds, which may cause an increase in labor dem and. If EU enlargem ent changed 
the trade and investm ent patterns, we w ould expect a shift in the level of exports and 
FDI, or a change in the trend of both variables. The aggregate data does not suggest 
that EU accession has led to substantial shifts in the trade and investm ent patterns. 
As we can see in Figure 1.2, none of these variables show a structural break after EU 
enlargement.^^

The overall time trend in the trade and investm ent patterns — and of other factors 
that affect wages, such as TFP grow th — is accounted for by the year dum m ies in 
Equation (L5). In addition, if a factor shifts labor dem and for high-skilled workers 
more than for low-skilled workers, or for young w orkers more than for old workers, 
the interactions {year*educ) and (year*exper)  absorb these differential dem and shifts. 
The only dem and shifts I cannot control for w ith interaction terms, are skill group- 
specific dem and shifts, because an interaction (j/ea?’ * educ * exper) w ould completely 
saturate the model.

Self-selection o f migrants

As it is only possible to observe the wages of w orkers who decide not to migrate, self­
selection arises as a potential source of bias.

Negative self-selection of m igrants leads to an upw ard-bias in the estimates. If 
most em igrants are selected from the lower end of the wage distribution, the average 
wage of the remaining w orkers increases. Yet, this increase is not caused by a decrease 
in labor supply, but by a change in the composition of the workforce. Analogously, if 
most em igrants are selected from the upper end of the wage distribution, the estimates 
will be downward-biased.

The selection of migrants can occur along two dimensions: between and within 
skill groups. W hen we compare the education distribution of stayers in Table 3.3 and of

’^Between 2004 and 2006 Lithuania received EU structural funds of EUR 1.5bn, which is 8% of the 
country's real GDP in 2004. The largest share of the funds, which were spread across 3,500 projects, went 
into infrastructure projects (European Commission, 2007).
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Figure 1.3: Standardized wage distribution in Lithuania, 2002 and 2006

N otes: The graph shows a Kernel density plot of the log real wages in 2002 and 2006. This plot allows for a comparison

slightly, despite the emigration of 9% of the workforce.

To make the distribution comparable across years, wages are standardized to their z-scores, i.e. the wage of an in­

dividual minus the mean wage, divided by the standard deviation of wages, =  {xi’i — xi’) / a w  The mean of the 

distribution is zero.

Source: Lithuanian Household Budget Survey

m igrants in Table 1.2, we can see that, between skill groups, em igrants were negatively 
selected. Negative selection, however, does not bias the results, as the dum m ies and 
interaction terms in Equation (1.5) account for it.

Selection w ithin skill groups — a selection pattern that can not be observed from 
the sum m ary statistics — can be a source of bias. It is difficult to determine the direc­
tion and size of this bias, as the data has no inform ation on counterfactual wages, i.e. 
the wages em igrants w ould earn had they stayed in Lithuania. The standardized wage 
distribution in Lithuania before and after EU enlargement does not give evidence of 
selection bias. If m igrants were on average negatively selected, we would expect the 
probability mass to shift to the right. As we can see in Figure 1.3, the shape of the wage 
distribution is almost identical in 2002 and 2006.

Moreover, given the difference in the economic situation between Lithuania and

’^Figure 1.4 in Appendix 1.A.3 plots separate wage distributions for men and women. For men, there 
have been some changes to the left of the mean, but no substantial shifts in the probability mass. By 
contrast, for women the probability mass moved to the left of the mean, indicating a positive selection.

of the wage distribution before and after EU accession. It shows that the shape of the distribution has only changed
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Ireland and the UK, it is unlikely that m igrants are on average negatively selected. 
First, m igrants are, by definition, more mobile than stayers. If mobility is positively 
correlated w ith ability, m igrants should be on average more skilled than stayers, and 
earn higher wages.

Second, because of the foreign language requirements, and because of m inim um  
wages, the skill requirem ents are on average higher in the UK and in Ireland than in 
Lithuania. Most jobs, in particular in the service sector, require fluency in English and 
a good knowledge of British or Irish culture. In addition, the m inim um  w ages in the 
UK and Ireland are considerably higher than in Lithuania, which creates an additional 
hurdle for low-skilled migrants. Only the more productive m igrants get a job that pays 
them  at least the m inim um  wage.^® As the UK Home Office (2009) shows, more than 
80% of im m igrants from the accession countries were officially em ployed, so that the 
m inim um  wage is binding for the majority of immigrants.

Third, since there was little m igration from Lithuania to Ireland and the UK prior 
to EU accession, m igrants could not rely on large migrant networks that support them 
in finding a job and facilitate assimilation. As suggested by the literature on m igrant 
netw orks (Carrington et a l ,  1996; McKenzie & Rapoport, 2010), small networks are 
usually associated w ith a positive selection of migrants.

Closely related to the issue of self-selection is the question w hether some of the 
workers were unem ployed before they emigrated. If this was the case, em igration 
could have decreased unem ploym ent and — in the most extreme case — have no ef­
fect on wages. In fact. Figure 1.2 shows that unem ploym ent had been falling between 
2002 and 2006. While I cannot exclude that em igration played a role in reducing unem ­
ploym ent, the unem ploym ent rate does not show a structural break after EU accession. 
Even the em igration of 9% of the workforce did not cause a sudden drop in the unem ­
ploym ent rate.

If being unem ployed is associated w ith lower ability, and if m igrants are on average 
positively selected w ithin skill groups, then most of the m igrants should be em ployed 
at the time of emigration. While the Lithuanian unem ploym ent data is not detailed 
enough to calculate unem ploym ent rates per skill group, it is possible to control for 
unem ploym ent at the regional level, which I do in a robustness check in A ppendix 
l.A .l. Moreover, for the unlikely case that m any em igrants were unem ployed right 
before em igration, the estimates of the wage effect would be dow nward-biased, as the 
calculated em igration rate w ould be higher than the actual one.

’®Ln 2004, m inim um  wages w ere EUR 7 in Ireland and GBP 4.85 in the UK.
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Table 1.3: The wage effect of em igration

D ependent variable: log real wage

Sample:
(1)
all

(2)
all

(3)
all

(4)
all

(5)
men

(6)
wom en

Emigration rate 0.665“̂“̂ 0.391 0.426 0.401 1.245’̂*=̂ 0.283
[0.2937] [0.3132] [0.3154] [0.3236] [0.2950] [0.3910]

Emigration male 0.799=^*=^ 0.793*^* 0 777=^**

[0.2936] [0.2912] [0.2852]

Year dum m ies yes yes yes yes yes yes
Education dum m ies yes yes yes yes yes yes
Experience dum m ies yes yes yes yes yes yes
FDI, unem p., exports no no yes no no no
Year * region no no no yes no no

Observations 9970 9970 9970 9970 6771 3199
A djusted R "^ 0.3463 0.3468 0.3568 0.3638 0.3371 0.3222

R obust s ta n d a rd  e rro rs in  b rackets

p< 0 .01 , p< 0 .05 , * p<0.1

Note: T his table show s the OLS resu lts  for th e  econom etric  m odel in E quation  (1.5), a regression of log real 

w ages on  the em ig ra tion  ra te , in terac tions of the em ig ra tion  ra te  w ith  a d u m m y  for m en (em ig^m ale), a 

vector of persona l characteristics.

S tan d ard  e rro rs are c lustered  a t the tim e-education -experience  level. All observations are w e igh ted  w ith  

su rv ey  w eigh ts .

FDI stocks (in logs), u n em p lo y m en t ra te  and  expo rts  (in logs) are  m easu red  a t the regional level. 

Year*region is an  in terac tion  of year and  reg ion  dum m ies .

1.5 Empirical A nalysis 

1.5.1 Estimation Results

Table 1.3 presents the results of the estim ated impact of em igration on the real wages 
of stayers. The wage effect for men and women, reported in Column (1), indicates that 
em igration predicts a significant increase in wages. A one percentage-point increase in 
the em igration rate increases real wages on average by 0.67%.

While this effect may be large and statistically significant on average, the wage ef­
fects can differ between men and women. To analyze the difference in the wage effect 
between m en and women, I interact the em igration rate w ith a dum m y for men. As 
column (2) shows, the coefficient of the interaction term indicates a large and statisti-
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cally significant difference in the wage effect of em igration for men and women. For 
a one percentage-point increase in the em igration rate, the wages of m en increased 
on average by 1.1%, while the marginal effect for w om en is smaller and statistically 
insignificant. From columns (5) and (6) we can see that these results also hold if the 
sample is split between men and women.

In Colum n (3) I control for FDI inflows, exports, and unem ploym ent at the regional 
level. Each of these factors can confound the analysis, if they affect wages over and 
above w hat it absorbed by the dum m y variables. The three variables are m easured at 
the regional level, so that the wage of a person can be m atched w ith the FDI, unem ­
ploym ent, and exports in the region the person is living in. It is reassuring that the 
most obvious potential confounding factors, FDI, exports, and unem ploym ent, do not 
change the results of the more parsim onious specification in Column (1).

Next, I include an interaction of region and year dum m ies into the basic m odel to 
ensure that no other factors affect wages at the regional level. The region*year inter­
actions absorb all economic factors that affect a region over time but are unrelated to 
emigration. The results of this specification, displayed in Column (4), are not different 
from the previous result.

An obvious problem with controls at the regional level is that the dem and shifters 
are the same for all skill levels. If, for example, the dem and shift is larger for high- 
skilled than for low-skilled workers, this change in returns to education cannot be 
captured with the controls of the basic model. To account for changes in returns to ed­
ucation, I re-estimate the basic model w ith an interaction of year and education dum ­
mies. As we can see in Column (1) of Table 1.4, the estimated wage effect is the same 
w hen we account for changes in returns to education.

In a similar fashion, the returns to experience can change over time. Technological 
progress, for example, can benefit young w orkers more than old workers. To account 
for changes in returns to experience, I include an interaction of year and experience 
dumm ies. Column (2) of Table 1.4 indicates that changes in returns to education ex­
plain part of the wage increases. The point estimates are 0.3 lower com pared to the 
benchm ark case.

Part of the initial results can also be driven by differences in the age-earnings profile 
across education groups. The basic m odel in Equation (1.5) estimates a separate inter­
cept for every education level, every experience level, and every year. The difference 
in wages for old and young workers, however, may be larger for high-skilled workers 
than for low-skilled workers, or vice versa. An interaction of education and experience 
dum m ies absorbs the difference in the age-earnings profile between education groups. 
The results in Colum n (3) of Table 1.4 suggest that the age-earnings profiles differ in 
fact by education level. Taking them  into account increases the point estimates for men
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Table 1.4; Estimation of the wage effect with additional controls

Dependent variable: log real wage
A. Men (1) (2) (3) (4) (5) (6) (7)
Emigration rate 1 217*** 0.825** 1497*** 0.292 1.372*** 1.464*** 0.833***

[0.3218] [0.3998] [0.3145] [0.3953] [0.3127] [0.3265] [0.2649]

Observations 6771 6771 6771 6771 6771 6771 6771
Adjusted 0.3374 0.3375 0.3382 0.3382 0.3385 0.3387 0.3392
B. Women
Emigration rate 0.310 -0.039 0.622* -0.012 0.642 0.817* 1.035

[0.4166] [0.4986] [0.3217] [0.4632] [0.3859] [0.4569] [0.6657]

Observations 3199 3199 3199 3199 3199 3199 3199
Adjusted 0.3225 0.3291 0.3302 0.3302 0.3305 0.3364 0.3375
Controls
year*educ yes no no yes yes no yes
year*exper no yes no yes no yes yes
educ*exper no no yes no yes yes yes

Robust standard errors in brackets
p<0.01, ”  p<0.05, * p<0.1

Note: This table shows the estim ation results of the effect of emigration on wages with a num ber of additional controls. Year*educ accounts for changes 
in returns to education. Year*exper accounts for changes in returns to experience. Educ*exper accounts for fundam ental differences in w ages between 
experience groups w ithin an education group. Furtherm ore, all regressions include year dum m ies, education dum m ies, experience dum m ies, and a vector of 
personal characteristics.
Standard errors are clustered at the tim e-education-experience level. All observations are weighted w ith survey weights.



and women by 0.3.
The inclusion of interaction terms changes the estimates, which suggests that re­

turns to education, returns to experience, and difference in age-earnings profiles ex­
plain part of the wage changes. To see how the interactions jointly affect the results, I 
include two interactions at a time in Columns (4)-(6) in Table 1.4. The results are mixed, 
with results similar to the baseline case in Columns (5) and (6), and no statistical sig­
nificance and low point estimates if year^education and year*experience are included. 
Column (7) displays the estimates with all three interactions included. In this speci­
fication -  the same as in Borjas (2003) and Mishra (2007) -  the only possible variation 
is within skill groups over time. Despite the large number of regressors, I find a large 
and statistically sigiiificant positive effect of emigration on the wages of men, and a 
statistically insignificant effect on the wages of wornen.

1.5.2 Discussion of the Results

The results show that emigration has a positive impact on wages on average, which 
is consistent with a supply-and-demand framework. Emigration leads to labor short­
ages, which — given a downward-sloping labor demand curve — causes an increase 
in real wages. EU enlargement increased the workers' bargaining power vis-a-vis their 
employers, which enabled them to negotiate higher wages.

The estimated effect is statistically and economically significant. The marginal ef­
fect of 0.67 means that a one percentage-point increase in the emigration rate increases 
real wages on average by 0.67%, which is in line with Eisner (2011), who estimates the 
demand elasticity with the same data in a structural model. If 5% of the Lithuanian 
workforce emigrated permanently, the model predicts that wages increase by 3.3% 
over 5 years. Given average wages in Lithuania increased by 40% over the same period 
(see Table 3.3), emigration can explain 8% of the overall wage increases. If we focus on 
the marginal effect for men, emigration even explains 16% of the wage increases.

The difference in wage effects for women and men is striking. There are several 
potential explanations for the absence of a significant effect for women. One expla­
nation is that the data from the UK and Ireland over-estimate the number of women 
that have left the Lithuanian workforce. If women that emigrated to the UK and Ire­
land were not part of the workforce before emigrating, the actual number of emigrants 
would be smaller than the number in the data. Another explanation could be that EU 
enlargement gave a higher bargaining power to men than to women. If men are the 
main earners of the family, it is easier for men than for women to use the option to 
emigrate as a credible threat when negotiating their salaries. A third possibility is a la­
bor supply response in Lithuania. If women that emigrated were replaced by women
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that had not been part of the workforce before, then there are fewer labor shortages for 
women and the wage increases are lower. Yet another explanation is self-selection of 
emigrant women. If women were on average selected from the upper end of the wage 
distribution — as suggested by Figure 1.4 in the online appendix — then the average 
wage of the remaining women decreases.

1.6 Conclusion

In this paper I study the effect of emigration on the wages of stayers. According to a 
simple supply-and-demand framework, emigration reduces labor supply and causes 
an increase in real wages. Using the emigration wave from Lithuania after EU enlarge­
ment, I test this hypothesis.

With EU enlargement, workers from Lithuania were allowed to emigrate to the 
UK and Ireland; around 9% of the Lithuanian workforce emigrated after the country 
joined the European Union. I exploit this exogenous change in migration laws and the 
resulting emigration wave to identify the effect of emigration on wages, using variation 
within demographic groups over time. The estimated impact of emigration on wages 
is significant. A one-percentage point increase in the emigration rate increases real 
wages on average by 0.66%. This effect, however, is only significant for men, not for 
women. The magnitude of the effect is larger than in previous studies (Mishra, 2007; 
Aydemir & Borjas, 2007), which looked at the long-run effect. The results of this study 
indicate that emigration can have a larger effect in the short run than in the long run

The results can inform policymakers about the effects of a large emigration wave 
on the labor markets in the sending countries. There are a number of middle-income 
countries that could face a similar emigration wave, once their workers are allowed to 
emigrate. Examples are EU candidate countries like Croatia, Serbia, Montenegro, or 
Turkey, which exhibit large wage differentials vis-a-vis Western Europe.

This study opens several avenues for future research. As more migration data be­
comes available, it is important to check the validity of the results for a larger number 
of countries. While the immigration literature has found very small effects of migra­
tion on wages in the receiving countries, the limited evidence on the sending countries 
shows that the effects can be significant. To be certain that this effect is not only limited 
to a small number of countries, we require evidence from more countries.

EU enlargement occurred during an economic boom in Western Europe so that 
workers from Eastern Europe could easily find jobs after emigration. With the finan­
cial crisis, starting in 2008, the prospects for migrants in most of Western Europe have 
become less positive, and many migrants are returning to their home countries. These 
two states of the European economy -  boom before 2008, followed by a crisis -  could
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be used to identify to what degree migration and return migration is driven by wage 
differentials and differences in the employment rates. Moreover, in looking at workers 
that emigrated immediately after EU enlargement, it would be interesting to investi­
gate which workers stayed and which workers returned to their home countries, and 
what determined the timing of the decision to return.
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l.A  Appendix

l.A .l Robustness Checks

The calculation of the em igration rates is based on a num ber of assumptions. Table 
1.5 dem onstrates how  the results change w hen the assum ptions are dropped. Panel A) 
shows the results for the baseline model in Equation (1.5); in panel B) I add a rich set 
of interaction terms. Colum ns 1) and 2) show the sensitivity of the results w ith respect 
to changes in the cell size. The coefficients are lower for 2-year cells and larger for 
10-year cells. Panel i) displays the estimates for men and w om en together. The coef­
ficient is statistically significant for 2-year cells bu t not for 5-year cells. The statistical 
significance of the effect for men is not affected by the cell size.

In Colum n 3) I drop the data for 2003 and 2005, as I do not have precise emigration 
data for these years. We first look at panel A): The coefficient for men and w om en 
jointly is larger than in the baseline and statistically significant at the 5% level. The 
interaction of the em igration rate and the male dum m y in ii) is similar to the base­
line, and significant at the 10% level. In the saturated model in panel B) none of the 
coefficients is statistically significant.

Colum n 4) displays the results for Irish data only. This exercise clearly underes­
timates the num ber of em igrants, as around 60% of all Lithuanian emigrants w ent to 
the UK. As a consequence, the coefficients are sigiiificantly larger than in the baseline 
scenario.

1.A.2 Education Groups

The Lithuanian education system offers a variety of educational tracks and degrees.’  ̂
I aggregate the different education levels into three broad education groups for two 
reasons: Firstly, the Irish census only includes five different education groups {primary 
and lower, lower secondary school, upper secondary school, third-level - no degree and third- 
level degree), so that a matching of the educational attainm ent of em igrants and stayers 
is only possible if broader education groups are considered. Secondly, in some cases 
different educational tracks in Lithuania lead to comparable degrees. For example, the 
basic school, which students finish at the age of 16, and the stage 1 o f vocational training. 

Both of those tracks lead to a basic school leaving certificate. Thus, students hold­
ing either of those comparable degrees can be seen as close substitutes on the labor 
market and should be equally affected by the em igration of workers w ith comparable 
characteristics. Tables 3.3 and 1.2 show the distribution of the education levels in the 
Lithuanian HBS as well as in the Irish census.

'®http://www.euroguidance.lt provides an overview of the Lithuanian education system.
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Table 1.5: Robustness checks

Dependent variable: log real wage

(1) 
2yr cells

(2) 
lOyr cells

(3)
2002 & 2006

(4) 
Irish data

A) w ithout interactions

i) all
Emigration rate 0.535*** 0.295 1.020** 2.089**

[0.194] [0.462] [0.419] [0.996]

ii) men/women
Emigration rate 0.242 0.645 0.764 1.236

[0.230] [0.444] [0.476] [0.995]
Emig^male 0.634** 1.055*** 0.842* 2.761***

[0.274] [0.348] [0.434] [0.745]

B) w ith  interactions

i) all
Emigration rate 0.417* 0.334 0.576 1.332

[0.218] [0.694] [0.648] [1.341]

ii) men/women
Emigration rate 0.217 1.442** 0.690 1.663*

[0.226] [0.808] [0.704] [0.952]
Emig*male 0.532* 1.625** 0.637 2.773***

[0.272] [0.638] [0.601] [0.826]
Robust standard errors in brackets

p<0.01, ** p<0.05, * p<0.1

Note: This table displays the coefficients for a series of robustness checks: 1) 2-year experience cells, 2) 10- 
year experience cells, 3) only data from 2002 and 2006,4) only Irish data. Emig*male is an interaction term 
of the emigration rate and a male dummy. Year dummies, education dummies, experience dummies and 
personal characteristics are controlled for. Panel A) are estimates of the baseline model in Equation (1.5). 
Panel B) enhances the baseline model by the interaction terms year * educ, year * exper, and educ* exper. 
Robust standard errors in brackets. Standard errors are clustered at the education-experience-year level. 
Significance levels: p<0.01, ** p<0.05, * p<0.1.
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I therefore define the education groups as follows: Lower secondary school and less, upper 
secondary school and third-level degree.

Lower Secondary School and Less People w ith 10 years of schooling or less. As 
the Lithuanian HBS contains very few observations w ith prim ary school education 
or less, I merge these w ith the category lower secondary school. Therefore, in terms 
of the Lithuanian classification, this category includes highschool dropouts, workers 
who only finished prim ary school, those with a basic school leaving certificate (usually 
obtained at the age of 16) and those w ho pursued stage I of vocational training, which 
also leads to a basic school leaving certificate. In the Irish census, this group consists of 
primary school and less and lower secondary school.

U pper secondary school This category includes all workers having a degree higher 
than a basic school leaving certificate (i.e. at least 11 years of schooling), but do not 
hold a degree that w ould allow them  to enter a m asters' program m e at a university in 
Lithuania or abroad. The dom inant degree in this category is the Lithuanian A-level, 
usually obtained at the age of 18. The other degrees of this category are stages 11, 111 and 
IV  of vocational training and certificates from non-university third-level institutions.
In the Irish census, this category contains all workers w ith an upper secondary school 
degree or a third-level education that does not lead to a university degree.

Third-level degree All workers w ith at least 15 years of schooling and a degree that 
enables them to apply for a university m asters' degree in Lithuania or abroad. Workers 
w ith a m asters' or a PhD degree are also included in this category.
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1.A.3 Figures
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Figure 1.4: Standardized wage distribution for men and women in Lithuania, 2002 and 
2006

Note: The graph show s a Kernel density  plot of the log real w ages in 2002 and 2006 for m en and women.

To inake the d istribution com parable across years, w ages are standardized to their z-scores, i.e. the w age of an 

individual m inus the m ean wage, d ivided by the standard  deviation of wages, Zi =  (u); — w ) /a w  The m ean of the 

d istribution is zero.

Source: L ithuanian H ousehold Budget Survey
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Chapter 2

Emigration and Wages: The EU Enlargement Experi­

ment

I have presented this w ork in research sem inars at UCD, Mainz, TCD, NUIM, SSE Riga, Bocconi, 
FEEM, OEI Regensburg, U Edinburgh, IZA, LMU M unich, U Stirling, as well as at the Norface conference 
(London 2011), 7th ISNE (Dublin 2010), SAEe (Malaga 2011), VfS (Frankfurt 2011), RES PhD M eeting 
(London 2012), EEA (Malaga 2012). Part of this chapter was w ritten during a research visit at Bocconi 
University in Milan. I received valuable suggestions from num erous people, above all from Gaia Narciso, 
Giovanni Peri, and Pedro Vicente. The article is available as an IZA Discussion Paper n r 6111.
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2.1 Introduction

Lifting the barriers to migration can lead to welfare gains of up to 150% of world GDP.  ̂
A large literature has quantified the gains from migration for the receiving countries 
and the migrants. Yet little is known about the impact of emigration on the send­
ing countries. Because migration is heavily restricted, there are few episodes of large 
migration waves which can be exploited to assess the impact of the lifting of these 
restrictions on the sending countries.^

This paper exploits a large emigration wave from Eastern Europe to analyze the 
impact of emigration on the wages of non-migrants in the sending countries. With 
EU enlargement in 2004, the UK, Ireland, and Sweden opened their labor markets for 
workers from Eastern Europe, which was followed by a migration wave of 1.2 million 
workers over 3 years. The most-affected sending countries - Latvia, Lithuania, Poland 
and Slovakia - experienced an outflow of up to 9% of their workforce.^

To estimate the wage effects of emigration I use a structural factor demand model 
(Card & Lemieux, 2001; Borjas, 2003). I first take a snapshot of the labor market before 
EU enlargement by estimating the model parameters using microdata from Lithuania. 
Based on immigration data from the UK and Ireland I simulate the emigration wave 
and calculate the wage change, the difference between the equilibrium wage before 
and after the migration wave. This approach allows me to isolate the effect of emigra­
tion from other factors that would otherwise have an impact on wages, such as trade, 
FDI, and TFP growth. The methodology also delivers separate wage effects for groups 
of workers with different education and work experience, allowing for an assessment 
of the distributional impact of emigration.

I find that emigration had a significant impact on the wage structure, particularly 
on the wage distribution between old and young workers. It caused a wage increase of 
6% for young workers, while it had no effect on the wages of old workers. By contrast, 
I find no difference in the wage effects between high-skilled and low-skilled workers. 
These wage effects can be decomposed into an own-wage effect, caused by the emi­
gration of workers with the same observable characteristics, and general equilibrium 
effects, caused by the change in the skill distribution of the workforce. The own-wage 
effect is positive; a decrease in the number of workers increases their wage. The sum 
of the general equilibrium effects, caused by the change in the demographics of the 
workforce, is negative. For young workers, who were the majority of emigrants, the 
own-wage effect dominates, while for older workers the two effects cancel each other

^Clemens (2011).
^See Kerr & Kerr (2011) for a review  of the im m igration literature. Estimates for the gains on the side  

of the em igrants can be found in C hisw ick (1978), Borjas (1995), and Algan et al. (2010).
^Own calculations from w ork perm it data. See Figure 2.1.
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out.

These findings stress the im portance of the labor m arket externalities in the assess­
m ent of the welfare impacts of emigration. Eastern Europe experienced a large outflow 
of young workers -  a youth drain -  from all education levels. Through the price mech­
anism  of the labor m arket the wages of young workers increased more than the wages 
for older workers. Most of the literature on the sending countries, however, assumes 
aw ay these labor m arket effects and focuses instead on the hum an capital externalities. 
In this literature, high-skilled em igration changes the incentives of non-m igrants to in­
vest in education, which can have a negative "brain drain" or a positive "brain gain" 
effect (Gibson & McKenzie, 2011; Docquier & Rapoport, 2011) on economic growth. 
While indirect effects may be im portant for developing countries, this paper finds that 
the direct wage effects of em igration play a significant role in middle-income coun­
tries. The results are therefore relevant for policymakers in middle-income countries, 
since candidates for EU m em bership like Croatia, Serbia, or Turkey, or Latin Ameri­
can countries have well-educated workforces and m ay face a similar em igration wave 
in the future. This paper shows em igration has a positive effect on the non-migrants, 
despite the large outflow of workers.

As the em igration wave from Eastern Europe w as a sudden shock to labor sup­
ply, it allows for the identification of a short-run effect on wages. Moreover, the results 
have a clear interpretation, since all m igrants left w ithin a short period in time. By con­
trast, previous studies on the wage effect of em igration by Mishra (2007) and Aydemir 
& Borjas (2007) focus on longer time horizons. Both studies find a positive long-run 
im pact in Mexico between 1970 and 2000, bu t the results have to be interpreted as if  all 
workers left the economy at once, even though they actually left gradually over the last 
50 years (Hanson & McIntosh, 2010). Recent evidence from quasi-natural experiments 
(Eisner, 2010; Gagnon, 2011) shows that em igration increases wages even in the short 
run. Both studies, however, use a reduced-form  approach, which only allows them 
to determ ine an average effect. In this paper, I show that the these wage effects only 
benefit the young workers. Moreover, a com parison w ith the reduced-form results of 
Eisner (2010) dem onstrates the im portance of the general equilibrium effects, w ithout 
which the predicted wage changes w ould be considerably higher.

Finally, this paper reveals that m igration affects sending and receiving countries 
along different skill dimensions. I find a significant distributional effect between old 
and young w orkers, in contrast to m ost studies on im migration, which find the main 
distributional effect between high-skilled and low-skilled w orkers (Borjas, 2003; Man- 
acorda et al., 2011; D 'A m uri et a l, 2010). The wage effect is larger in Eastern Europe 
than in the m ain receiving countries, which can be explained by the low degree of sub- 
stitutabilit}." between old and young workers in transition countries. Old w orkers in
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Eastern Europe w ere educated under socialism, while young workers received their 
education in a m arket economy. Therefore, young w orkers cannot easily be replaced 
by old workers, w hich results in a stronger reaction of wages on emigration.

The rem ainder of the paper is structured as follows. Section 2.2 gives a histori­
cal overview and stylized facts about the em igration wave from Eastern Europe after 
2004. Section 2.3 sets up the structural model. Section 2.4 describes the data sources, 
which I use for the estimation of the structural param eters in Section 2.5. Section 2.6 
details the sim ulation of the m igration wave and calculates the wage effects. Section 
2.7 concludes.

2.2 EU Enlargement, Migration and Wages: Stylized Facts

In 2004 eight former socialist countries from Central and Eastern Europe joined the 
EU. For w orkers from these countries the high wage differentials between Western 
Europe and the accession countries created a large incentive to emigrate.^ Freedom of 
Movement, a basic principle of the EU, guarantees every worker from the New Member 
States the right to m igrate to any EU country and take up employment. However, only 
Ireland, the UK and Sweden im m ediately opened their labor markets and experienced 
a large influx of immigrants. Most other countries in Western Europe were concerned 
w ith potential negative consequences for their labor m arkets and their welfare systems 
and restricted the access for workers from the New M ember States for up to 7 years.
1.2 million workers m igrated between 2004 and 2007 from Eastern Europe to the UK 
(770,000), Ireland (416,000) and Sweden (19,000).^

Figure 2.1 illustrates the m agnitude of the em igration wave by com paring the num ­
ber of em igrants to the size of the workforce. M ost migrants came from Poland, Latvia, 
Lithuania and Slovakia. A lthough Poland had the highest num ber of emigrants, Lithua­
nia and Latvia had  the highest share of emigrants. Between 2004 and 2007, 9% of all 
Lithuanian w orkers and 6% of all Latvian w orkers received a w ork perm it in Ireland 
or the UK. While some w orkers only m igrated for a short period, the majority stayed 
in the destination country for longer periods of time. Evidence from the Irish Central 
Statistics Office (2009) suggests that around 60% of migrants from the New Member 
States stayed for at least two years after having received a work permit.

This study takes Lithuania as an example to study the im pact of em igration on the 
wages of stayers. Lithuania makes an interesting case, as it had the highest share of 
em igrants am ong the accession countries. At the same time, the results are externally

^The difference PPP-adjusted GDP per capita, a proxy for wage differentials, amounted to 37% in 
Lithuania and 40% in Poland, compared to the UK. Source: Eurostat.

^Sources: Ireland: Central Statistics Office. UK: UK Home Office. Sweden: Wadensjo (2007).
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Figure 2.1: Emigrant shares in Central and Eastern Europe
Note: This figure show s the share of em igrants to the UK and Ireland betw een 2004 and 2007, relative to the total 

workforce.

Source: Ow n calculations, based on Irish PPS N um bers, UK N ational Insurance N um bers (NINo), Eurostat.

valid with respect to other transition countries. Poland, Slovakia and Latvia share the 
same history of transition as Lithuania since the fall of the Iron Curtain in 1990. In 
addition, they were in a similar economic situation at the time of EU enlargement, 
with comparable levels of GDP per capita and unemployment.^ An outflow of 9% of 
the workforce should therefore have similar impacts on the wage structure in all four 
countries.

The number of work permits per year issued to Lithuanian workers increased 
sharply from. 6,400 in 2003 to 40,000 in 2006.^ Around the same time Lithuania ex­
perienced a phase of high economic growth. Between 2002 and 2006, the GDP per 
capita grew in total by 37.5%. The high growth was also accompanied by a phase of 
considerable wage increases. The graph on the left in Figure 2.2 shows the changes in 
average real wages for workers in different education and experience groups.

Although all groups gained, the wage changes were not spread evenly across groups 
of workers. Young workers with a work experience of up to 20 years gained consid­
erably more than old workers with less than 20 years of work experience. In addition, 
workers with an education level below third-level degree experienced higher wage 
increases than workers with a third-level degree.

^In 2004 the GDP in current prices w as betw een EUR 4,800 (Lithuania) and EUR 6,300 (Slovakia), 
considerably below the average of the old m em ber states w ith EUR 26,000. Source: Eurostat.

^See Table 2.1c.

49



Young
Low er S e c

Old

Young
U p p e r S e c

Old

Young
T hird  Level

Old

0 20 40 0 2 4 6 8
R eal W a g e  C h a n g e s  (in % ) E m ig ran t S h a re  (in %)

Figure 2.2: Real wage changes and emigrant shares in Lithuania
Note: The figvire on the left show s the real w age changes in Lithuania from 2002 to 2006; the figure on the right d isplays 

the share of em igrants pe r skill group. A skill group is defined by education and work experience. W orkers w ith  20 

years and less of w ork experience are defined as young, those w ith 21 and m ore years as old. The real w ages are 

deflated by  the HCPI. Tlie em igrant share is m easured as the share of the workers in a skill group that em igrated 

betw een 2002 and 2006.

Source: O w n calculations from the L ithuanian HBS, the Irish Census and Work Perm it Data. See Section 2.4 for details.

Figure 2.2 (right graph) illustrates the magnitude of the emigration wave between 
2002 and 2006 for each skill group. Similarly to the wage changes, the emigrant shares 
were higher for young workers than for old workers. Young workers were around 
3.5 times more likely to emigrate than old workers. Surprisingly, there was no visible 
selection of emigrants with respect to the education groups. Workers of all three ed­
ucation levels had almost identical emigrant shares, which is evidence against a brain 
drain.

The relative changes in real wages had a significant impact on the wage inequality 
between experience and education groups. In particular, the wage premium for old 
workers changed remarkably, as the graph on the left in Figure 2.3 shows. In 2002 old 
workers earned on average 8% more than young workers. This wage gap was reversed 
in 2006. The wage premium for workers with a third-level degree compared to those 
with a lower secondary education decreased slightly over time, while the premium 
of workers with an upper secondary education remained stable. In sum, the wage 
inequality between education groups decreased over time.

These changes in the level and the distribution of wages could be caused by nu­
merous factors. On the supply side, emigration leads to a smaller number of workers. 
Given constant labor demand, the workers who did not emigrate are a more scarce re­
source and therefore their wages increase. On the demand side, domestic and foreign 
investment, trade integration or TFP growth can have a positive influence on wages.

The aim of this study is to isolate the role of emigration in the total change in wages.
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Figure 2.3: Wage prem ia by w ork experience and education
Note: The figure on the left illustrates the developm ent o f the w a g e  prem ium  for o ld  w orkers (i.e. w orkers m ore than 

20 years o f experience) com pared to y ou n g  workers. The figure on the right sh ow s the w age prem ium  for college- 

educated  w orkers (dashed line) and for w orkers w ith  an upper secondary education (solid line), com pared to w orkers 

w ith  a low er secondary education. Source: O w n calculations from the Lithuanian HBS.

which extends previous work by Eisner (2010) who found a positive average effect in 
a reduced-form approach. The current study goes a step further and investigates the 
im pact of em igration on the wage distribution. To that end, it aims to determ ine how 
much different groups of w orkers gained or lost from emigration, all other thmgs equal.

2.3 Structural M odel

The structural model explains how a change in labor supply affects the wages of w ork­
ers w ith different skills. To model this heterogeneity in observable skills, the workforce 
is divided into 12 skill groups, wWch are defined by education and work experience. 
Workers w ith the same observable characteristics are perfect substitutes and compete 
in the same labor market. Across skill groups, w orkers w ith similar skills are closer 
substitutes than workers w ith fundam entally different skills. Emigration of w orkers 
of a particular skill group shifts the labor supply and, given a dow nw ard-sloping la­
bor dem and curve, increases the wages of the stayers in this skill group. In addi­
tion, em igration of workers from one group alters the relative skill supply of the entire 
workforce, which shifts the labor dem and curves of all other groups. The extent of 
these general equilibrium  effects depends on the degree of substitutability between 
skill groups and needs to be determ ined empirically.

Following the works of Card & Lemieux (2001), Borjas (2003) and Ottaviano & Peri 
(2011), I model aggregate production in the economy with a nested CES production 
function, into which each skill group enters as a distinct labor input. Assum ing that 
labor m arkets clear and each skill group is paid its marginal product, the model gen-
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erates a relative labor dem and curve for each skill group. The model set-up allows for 
an econometric identification of the labor dem and curves while accounting for hetero­
geneity in the skills of the workforce.

The aggregate production function consists of three building blocks: first, physical 
capital and labor are combined to produce an aggregate output. As this study focuses 
on a short-run effect, capital is fixed. The second building block is a CES aggregate 
of three education groups, which reflects the fact that w orkers w ith different educa­
tion are imperfect substitutes in the labor market. The third building block combines 
workers w ith the same education but different w ork experience, which accounts for the 
difference in skills between workers of different experience levels. On the one hand, 
the difference in skills can arise because old and young workers acquired their quali­
fications at different times. On the other hand, old workers may have gathered more 
experience in their job, so that they have more hum an capital than younger workers.

2.3.1 Aggregate Production

The notation and analysis in this section closely follow Borjas (2003) and Ottaviano & 
Peri (2011). Aggregate production in the economy is described by the Cobb-Douglas 
production function

Aggregate output Qt is produced using total factor productivity At, physical capital 
Kt and labor Lt. a  G (0,1) is the share of labor in aggregate income. The price of the 
aggregate ou tpu t is norm alized to one. The labor force Lt consists of three different 
education groups Lu where i denotes lower secondary education (10 years of schooling 
or less), upper secondary education (11-14 years of schooling) and third-level degree 
(equivalent to B.Sc degree or higher). The aggregate labor input Lt is represented by 
the CES aggregate

aED denotes the elasticity of substitution between w orkers of different education groups 
The higher the value of this parameter, the easier it is to substitute groups of workers 
w ith different education in the production process. The relative productivity param e­
ters Bit have the property 9^ =  1 and capture the difference in relative productivity 
between education groups.

Each education group consists of four work experience groups Lijt-

Qt =  A t L ^ K } - - (2 .1)

T  <^ED

(2 .2)
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The elasticity of substitution a  e x p  measures the degree of substitutability of w ork­
ers w ith the same education but different w ork experience. denotes the relative 
productivity of w orkers in experience group j  and education group i w ith l i j t  — 1 ■ 

For the division of an education group into experience groups (j) I choose intervals 
of 10 years of w ork experience (0-10 years, 11-20 years, 21-30 years, 31+ years). This 
choice is the result of a trade-off between m any skill groups and m any observations per 
skill group, given the dataset. Shorter intervals allow for a more differentiated picture 
of the labor market, but they come at the cost of a loss in precision. With a given 
num ber of observations, a high num ber of skill groups means that the calculation of 
the average wage and labor input per skill group are based on a small num ber of 
observations. As a consequence, the averages become less precise. Aydemir & Borjas 
(2011) show that this attenuation bias can have a significant im pact on the estimates of 
the structural param eters. Given the available dataset, the choice of 10-year intervals is 
a compromise that reduces attenuation bias and yet allows for a differentiated picture 
of the labor supply and wage changes.^

Figure 2.4 illustrates the nested structure of the aggregate production function. The 
model compresses the different degrees of substitutability between skill groups to 2 
elasticities, a s v  and a  e x p - This simplification is necessary for the identification of 
the structural param eters. Ideally, one w ould like to estimate a separate relative labor 
dem and curve for every skill group, bu t the econometric identification of the model 
w ould be impossible. With 12 skill groups the num ber of param eters to be estim ated 
w ould am ount to 12 • 11 =  132, which cannot be estim ated from the small num ber of 
observations that is typically available from aggregate labor m arket data. N everthe­
less, ( T e d  arid a  e x p  can be identified and given the variation in the num ber of em i­
grants across skill groups, so that we can obtain a differentiated picture of the im pact 
of em igration on the wages of each skill group.

2.3.2 Labor M arket Equilibrium

Labor markets are perfectly competitive and clear in every period. Profit-maximizing 
firms pay each skill group Lijt a real wage Wijt equal to the group 's marginal product 
Wijt = dQ t/dL ij t .  This equation is the result of a partial differentiation of equations

®Most of the literature, e.g. Borjas (2003), Brucker & Jahn (2011), D 'A m uri et al. (2010), Katz & M urphy 
(1992), M anacorda et nl. (2011), O ttaviano & Peri (2011) uses 5-year experience groups. In the estim ation 
results in Section 2.5.1 I also report results for 5-year and 20-year cells.
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Figure 2.4; Nested CES production function

Note: This figure illustrates the nested structure o f the CES production function, w hich is the core o f the structural 

m odel. See Section 2.3 for details.

(2.1)-(2.3) and describes the firm s' labor dem and for skill group ijt.  The log of this 
equation yields a log-linear labor dem and curve,

log W i j t  =  log aA t +  (1 -  Oc) log /Tj +  ( q  -  1 H —̂ ) log Lt +  log On
1 1 (2.4)

+  (--------------------) log Lit +  lo g 7 ij t----------- logLjjt,
<^E X P  <^ED < ^EX P

where is the slope coefficient, while all other term s on the right-hand side of
equation (2.4) are intercepts that vary along the dim ensions indicated by the indices, 
i.e. time, education and experience. A ny change in one of the factors on the right- 
hand side alters the m arginal product, which leads to a change in the real wage ceteris 
paribus. Hence, the wage of group i j  depends on its own labor supply, as well as on 
the labor supply of all other groups of workers. Therefore, it is not only the absolute 
scarcity of group i j  which determ ines its wage, bu t also the relative scarcity of this 
group compared to all other skill groups.

From equation (2.4), it is possible to generate an estimating equation for a  e x  p , con­
trolling for all other factors that affect the real wage. For the case of EU enlargement, 
these controls are particularly im portant, as EU accession was accompanied by in­
creased FDI inflows, a deeper trade integration and the inflow of EU structural funds.
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which have an im pact on labor dem and and ultimately on wages. Controlling for such 
factors is possible because the variation in all terms on the right-hand side of equa­
tion (2.4) except log Lijt^ can be absorbed by dum m ies and interaction terms.

^log a  At  -h (1 — a) log Kt  + {a — 1 + log Lt^  only varies over time, so that a set of 
time dum m ies 6t absorbs this variation. An interaction of time and education group 
dum m ies 6it absorbs (log^it +  ------- ^ ) l c g L j t ), which varies across education ̂ ^ E \ P  ^ E D  J

groups and over time. The param eters and the labor input L^t both vary along the 
dim ensions time, education and experience, so that the inclusion of an interaction of 
the respective dum m ies w ould absorb all the variation and the m odel w ould be fully 
saturated. In this case —-— could not be identified. To circumvent this problem, I

<^EXP ^

assum e that the relative productivity of each experience group is constant over time, 
so that the variation of j i j t  is absorbed by an interaction of education and experience 
dum m ies, Sij and an error term  Eijt- This is a standard assum ption in the literature^ 
and in the time horizon of 5 years it is plausible that the relative productivity of an 
experience group does not change fundamentally. Moreover, as a robustness check in 
Section 2.5 I add an additional set of time*experience interaction terms to the estim at­
ing equation.
(^EXP can be consistently estim ated from

log u'ijt =  6t +  5it +   log Lijt + 6ijt- (2.5)
(^EXP

2.4 Data and Descriptive Statistics

The empirical analysis requires two datasets: one for the estimation of the structural 
param eters that characterize the Lithuanian labor m arket and one for the quantifica­
tion of the num ber of em igrants per skill group for the simulations. For the estimation 
of the structural param eters, I use the Lithuanian H ousehold Budget Survey of the 2 
years before and after EU enlargement: 2002, 2003, 2005 and 2006.

The num ber of em igrants per skill group cannot be taken from the source coun­
try, as the statistical offices usually do not keep detailed records about emigrants. An 
obvious reason for this lack of suitable em igration data is that in m ost European coun­
tries there is no legal obligation for migrants to de-register once they have em igrated. 
The consideration of the case of Lithuanian em igration after EU enlargement has the 
advantage that w ithin the EU Lithuanians were only allowed to m igrate to the UK, Ire­
land and Sweden, while all other old EU countries kept their labor m arkets closed for 
a transitional period up to 201L Consequently, I can obtain the num ber of em igrants

^See Borjas (2003), Ottaviano & Peri (2011).
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from the register data of the destination countries. Since the num bers of m igrants to 
Sweden were relatively small^°, I will neglect Sweden and only use census and w ork 
perm it data from Ireland and the UK.

2.4.1 Lithuanian Household Budget Survey

The Lithuanian H ousehold Budget Survey (HBS) is conducted annually by the Lithua­
nian Statistical Office w ith a random  sample of 7000-8000 households. The sample 
is representative at the individual level and includes all people aged 18 or older, for 
which inform ation on their age, education, income from employment, and personal 
characteristics such as m arital status, num ber of children and place of residence are 
available. The HBS does not contain information on the sector the respondents are 
em ployed in or their occupation.

To obtain the m onthly real wages I deflate the variable income from employment us­
ing the harm onized consum er price index (HCPI).^^ Table 2.1a displays the sum m ary 
statistics for the HBS. The average real wages increase for all groups between 2002 and 
2006. The m agnitude of the standard errors of the average wages indicates a consider­
able variation of wages w ithin each skill group.

Income data are self-reported, which can be subject to a m isreporting bias if w ork­
ers systematically under- or over-report their income. However, a com parison of the 
average monthly wages in Table 2.1a w ith the average m onthly wages for m en and 
w om en w orking in the private sector from the Lithuanian live register ir\ Table 2.Id  
shows that this bias is negligible, as the difference between both is minor.

I restrict the sample to private sector workers of w orking age, i.e. 18-64 years and 
exclude public sector workers from the sample, as wage determ ination in the public 
sector is usually not based on the m arket mechanism of supply and dem and, bu t on 
seniority. Additionally, I drop the following observations: if the variable disposable 
income is negative, if the socioeconomic status is pensioner or other, and if workers are 
self-employed or own a farm.

For each worker the highest obtained degree counts for her classification into one 
of the education groups lower secondary education, upper secondary education and third- 
level degree. Lower secondary education includes all workers w ith less than a high 
school degree. Upper secondary school classifies all workers w ith a high school de­
gree that allows them to go to college as well as workers who obtained a degree that 
is less than the equivalent of a B.Sc degree. Third-level degrees are all degrees that 
are at least equivalent to a B.Sc and w ould allow workers to apply for an international

’°See Wadensjo (2007).
” See Table 2.Id for the HCPI.
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Table 2.1: Summary statistics Lithuanian HBS

a) Lithuanian HBS
Survey Year 2002 2003 2005 2006
Number All Workers 3950 4136 4042 3874
of Men 2322 2411 2426 2314
Workers Women 1628 1725 1616 1560

Education Lower Sec 348 431 435 384
Upper Sec 2726 2860 2733 2614
Third-level 876 844 874 876

Age 42.9 42,5 43.1 43.4
Experience 24.5 24.1 24.6 24.9
Real Wage All Workers 1084 1142 1339 1533
(monthly, in LTL) (799) (836) (954) (1093)

Men 1185 1152 1440 1688
(856) (913) (981) (1134)

Women 940 988 1189 1303
(684) (686) (890) (985)

Education Lower Sec 689 768 946 1045
(466) (545) (706) (707)

Upper Sec 952 1019 1203 1382
(619) (667) (784) (938)

Third-Level 1653 1752 1964 2197
(1076) (1129) (1203) (1351)

b) Irish Census
N umber All Workers 1274 - - 11501
of Men 671 - - 6557
Workers Women 603 - - 4944

Education Lower Sec 211 - - 2315
Upper Sec 808 - - 7166
Third-level 255 - - 2020

Age 29.5 - - 30.7

c) Work Permit Data
NlNo Numbers (UK) 1430 3140 10710 24200
PPS Numbers (Ireland) 2709 2394 18680 16017

d) Aggregate Data, Lithuania
M onthly Wage (in LTL) Men 1173 1227 1420 1676

Women 998 1029 1167 1356
HCPI 2005=100 97.334 96.291 100 103.788
Unemployment Rate 13.8% 12.4% 8.3% 5.6%

Note: S tan d ard  e rro rs o f average  v a lu es in  p aren theses. HBS: N u m b e r of p riv a te  sec to r w o rk ers  be tw een  

18 an d  64 years. E ducation  g ro u p s  and  w o rk  experience are  d e te rm in ed  as described  in  Section 2.4. Real 

w ages in L itas (LTL) are defla ted  by  th e  h arm o n ized  co n su m er p rice  index (HCPI).

The Irish  census w as  conducted  in  2002 an d  2006 only. D ata  from  the Irish  census con tain  all L ithuan ian  

w o rk ers  w h o  fin ished  the ir education .

Sources: HBS an d  Irish  census: O w n  calculations. W ork p e rm it data: UK H o m e Office, Irish  Social 

W elfare Office. Panel d): S tatistics L ithuania .
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M.Sc programm e. Workers holding a degree Bakalauras, Magistras or higher are clas­
sified as third-level e d u c a te d .T h o s e  w ith some college education, but a degree that 
requires less schooling than the tw o m entioned above are classified as having an upper 
secondary education.

This clustering may appear fairly broad, given that the Lithuanian education sys­
tem offers a variety of educational tracks. However, these broad categories are nec­
essary to match the characteristics of the stayers w ith those of the emigrants. The 
HBS gives 12 education groups, while the data on the em igrants only distinguishes 
between 5 groups. Furtherm ore, broad categories ensure that the num ber of observa­
tions w ithin each group is large enough to allow for the calculation of reliable average 
wages and em igration numbers.^^

The HBS does not directly give any inform ation about the actual work experience 
of an individual. Therefore, I calculate the potential work experience of individual 
i w ith the formula expi = agci — educatiorii — 6, in which educatiorii represents the 
years of schooling it takes to obtain individual i's highest degree, agei is i's  age and 6 
is subtracted because the com pulsory schooling age in Lithuania is 6 years, educatiorii 
equals 10 years for lower secondary education, 12 for upper secondary education and 
15 for third-level degree. While this measure is appropriate for men, a caveat applies 
for the use of the same formula for the calculation of the work experience of women, 
w ho m ight have less actual w ork experience due to m aternity leave. However, for 
Lithuania the use of this formula for w om en should not be problematic. First, the 
country has had low fertility rates of 1.5 children per women and less since the 1980s.
Second, as is typical for a former socialist country, w om en between 20 and 64 years 
have a high em ploym ent rate w ith 65%, com pared to the EU average of 62%.^^ More­
over, to overcome this potential problem  of misclassification of w om en I use data on 
men only in a robustness check.

2.4.2 Irish Census

For the simulations, 1 use im m igration data from the two main receiving countries,
Ireland and the UK. The Irish Census is conducted by the Irish Central Statistics Office 
(CSO) every 4-5 years and contains all people living in Ireland and present on the 
night of the survey. For this study, I use the survey rounds in 2002 and 2006. The CSO 
provided me w ith a tabulation of the num ber of all Polish and Lithuanian im migrants

’^These degrees are the minimum requirement for graduate admission at the London School of Eco­
nomics (LSE), see http;//www2.lse.ac.uk/study/informationForInternationalStudents/countryRegion/europeEU/lithuania.aspx

’^See www.euroguidance.lt for a description of the Lithuanian education system.
‘̂*Table 2.8 in the appendix illustrates in detail the aggregation of the educational tracks into the three 

education groups.
'^Source: Eurostat. Employment rates from 2009.
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in Ireland by gender, age and education.
The census reflects a lower bound to the number of emigrants, as it only captures 

migrants who are present on the survey night. People who travelled to Ireland for a 
summer job or a time shorter than one year may not be included in the census.

For the calculation of the number of emigrants I only use data on migrants whose 
education is finished, which is 93% of Lithuanians in the census 2002 and 85% in 2006. 
As we can see in Table 2.1b the number of workers in the Irish census increased by a 
factor 10 between 2002 and 2006. Interestingly, the educational distribution and the av­
erage age did not change significantly over time. The gender distribution of migrants 
in 2006 is slightly skewed towards men. Comparing the Lithuanian migrants in the 
Irish census with the workers in Lithuania, we can see that the education distribution 
is similar, although the migrants are on average 13 years younger than the stayers. In 
2006 workers with a lower secondary education are slightly overrepresented among 
the migrants (20% among migrants compared to 10% among stayers), while workers 
with a third-level education are slightly underrepresented (18% among migrants com­
pared to 23% among stayers). These summary statistics indicate two types of selection 
behavior: migrants are more likely to be young than stayers and on average less edu­
cated, although the extent of selection across education groups is minor.

2.4.3 Work Permit Data: PPS and NINo Numbers

The number of workers who obtained a work permit in Ireland and the UK defines 
an upper bound to migration from Lithuania to Ireland and the UK. Every worker 
who moves to Ireland or the UK and wants to take up employment has to apply for 
a Personal Public Service (PPS) number in Ireland or a National Insurance Number 
NINo in the UK.^^ These data capture all workers that emigrated from Lithuania to 
one of those two countries, regardless of how long they stay in the host country. There 
is no obligation to de-register for workers in their home country, so it is not possible 
to measure, how many people returned to Lithuania and how much time they spent 
in the host country. Double counts are unlikely, however, as workers keep their PPS 
and NINo numbers, no matter how often they move back and forth between Lithuania 
and Ireland or between Lithuania and the UK. The PPS and NINo numbers could 
undercouht the actual number of migrant workers coming to Ireland and the UK, as 
some workers might not have registered when they came to work for a short period 
in time or wanted to avoid having to pay income taxes. Workers who only migrated 
for a short period in time and did not register for that reason can hardly be seen as 
emigrants, because they were part of the Lithuanian workforce for the whole time.

^^For more information about PPS and NINo, see www.welfare.ie and www.direct.gov.uk
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Assessing the num ber of w orkers who m igrated for a longer period w ithout registering 
is difficult, bu t it should be small given the high num ber of migrants who actually did  

register. In summary, even if the work perm it data m ay slightly undercount the actual 
num ber of migrants, for the sim ulations this means that the actual labor supply shock 
m ight be larger so that the predicted wage changes resulting from emigration are lower 
than the actual ones.

2.4.4 Calculation of Emigration Rates

To sim ulate the effect of the m igration of different skill groups on wages, the labor 
supply  shock for each skill group has to be quantified. This fraction, which can 
be interpreted as the em igration rate, i.e. the percentage of workers in skill group i j  

who em igrated, consists of the change in labor supply in a given time span AL^ and 
the num ber of w orkers of the same skill group in Lithuania, L i j ^  L i j  can be directly 
com puted from the HBS. Let the sample of a skill group i j  contain I =  1,..., L workers. 
The num ber of workers in this skill group is the sum  of the sampling weights Piji.

L

Thus, Li j  =
i= \

The shift in labor supply AL^j cannot be taken directly from the data, but needs to 
be com puted from several Irish and UK data sources. This is due to the fact that I have 
detailed data on Lithuanian m igrants living in Ireland from the Irish census, bu t only 
aggregate figures on the m igrants coming to the UK.^^ To compute the labor supply 
shifts, I assum e that the skill distribution of migrants coming to Ireland is the same 
as the distribution of those coming to the UK. This assum ption can be justified by the 
fact that there was little visible sorting behavior of migrants from the New Member 
States between Ireland and the UK w ith respect to age and education. There may have 
been a sorting behavior w ith respect to occupations, for example immigrants in Ireland 
w ork more in the construction sector and im m igrants in the UK in the service sector 
bu t this study focuses on more broadly defined skill groups, for which the distribution 
is similar.

Figure 2.5 shows the education and age distribution of all m igrants from the New 
M ember States in Ireland and the UK. The share of third-level educated workers was 
slightly higher in the UK, while the share of workers w ith an upper secondary ed-

’^Note that the supply  shifts only consist of em igrants, but leave out migrants w ho came to Lithuania. 
A s this paper focuses on the im pact of em igration and it is possible to isolate this effect in the sim ulations, 
I do not consider the potentially offsetting w age im pact o f immigration.

is the average value of L i j t  in  the years t = 2002, 2003, 2005, 2006.
’^The UK labour force survey, the m ost accessible quarterly representative survey of the workforce in 

the UK, cannot be used  to extract reliable data on the skill distribution of a particular country, as the 
num ber o f observations per country is too small.
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ucation was higher in Ireland. In the youngest group, between 18 and 24 years of 
age, the UK saw relatively more im migrant workers than Ireland. Consequently, the 
assum ption that the experience distribution are the same implies that the predicted 
wage changes for young w orkers can be slightly dow nw ard-biased, m eaning that the 
actual wage changes caused by em igration will be at least as high as those predicted 
by the model.

Education Age

Ll
Lower S ec U pper S ec  Third-level 18*24 25-34 35-44 45-54

Figure 2.5: Education and age distribution of im m igrants from the New Member States 
in the UK and Ireland
Source: Educational distribution as reported in Barrett & Duffy (2008)) for Ireland and D ustm ann et nl. (2010) for the 

UK. Age distribution: ow n calculations from  the Irish census (L ithuaruan naigrants only) for Ireland. UK distribution 

of all A8 im m igrants from Hom e Office (2009).

Using the information from the UK and Irish data sources, the num ber of em igrants 
per skill group i j  is calculated as

^ L i j  — {I Eij^2006 ^^ij, 200 2  J
Work perm its in the UK 2002-2006 \  

^  Work perm its in Ireland 2002-2006 )
(2 .6)

{IEij^2006 -  lEij_2002) is the difference in the stock of Lithuanian im migrants in Ireland 
between 2002 and 2006 in skill group i j .  The second expression in parentheses on 
the right-hand side of equation (2.6) augm ents the num ber of m igrants to Ireland by 
a w eighting factor that takes account of the num ber of w orkers who m igrated from 
Lithuania to the UK. The 1 accounts for those w ho moved to Ireland and the fraction 
(Work permits in the UK 2002-2006)/(Work perm its in Ireland 2002-2006) is the num ­
ber of work perm its given to Lithuanians in the UK between 2002 and 2006 as m ea­
sured by the NINo num bers relative to the corresponding num ber in Ireland. Over the 
course of these 5 years 43% more Lithuanians received a work perm it in the UK than 
in Ireland, so that the fraction is 1.43.

Ireland
UK
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Table 2.2: Emigration rates 2002-2006

Education
Lower Sec Upper Sec Third-Level

0-10 Years 10.7% 14.4% 12%
Work 11-20 Years 5% 4.3% 2.9%

Experience 21-30 Years 5.8% 2.1% 2.6%
31+ Years 1.3% 1% 1.4%

Note: The em igration rate per skill group denotes the share of workers in every skill group w h o  em igrated  

betw een  2002 and 2006. The average em igration rate, w eighted  by the size of the skill group, is 5%. The 

em igration rates are calculated as the number of em igrants to Ireland and the UK divided by the average 

size of the skill group betw een 2002 and 2006. Sources: ow n calculations, as explained in Section 2.4.4.

Table 2.2 sum m arizes the calculated em igration rates per skill group and reveals 
the selection pattern  of em igrants along the old-young dimension. M ost em igrants 
are young, w ith a work experience of 10 years and less. Only very few older w orkers 
em igrated. Across education groups the em igration rates were balanced, so that the 
country did not suffer from a brain drain. The aggregate em igration rate, w eighted by 
the size of the skill groups in the Lithuanian workforce is 5%.

2.5 Estim ation of Structural Parameters 

2.5.1 Id en tification  and E stim ation  o f (Tb x p

Using equation (2.5), I estimate ctexp w ith the num ber of workers per skill group as a 
labor inpu t Lijt?^  An estimation of the dem and curve w ith OLS does not yield consis­
tent estimates as the results suffer from sim ultaneity bias. The equation is a dem and 
curve, but the observations in the data are equilibrium  points in the {wijt, Lijt) space, 
which were determ ined by an interplay of supply and dem and factors. To disentan­
gle the labor dem and and supply curves and identify the slope of the dem and curve, 
an exogenous labor supply shifter is needed that does not shift labor dem and, i.e. an 
instrum ental variable (IV). Given an appropriate instrum ent, can be consistently 
estim ated w ith a two-stage-least-squares (2SLS) estimator.

Most of the literature, e.g. Borjas (2003), Aydemir & Borjas (2007), Ottaviano & Peri 
(2011), uses im m igration as an instrum ent for labor supply. For the current study, the 
corresponding instrum ent w ould be em igration from L i t h u a n i a . T o  be valid as an

'̂’Ottaviano & Peri (2011) use the num ber of w orking hours from workers in this skill cell as a measure 
for labor input, w hich  is more accurate than the number of workers. H owever, as the HBS does not 
include data on w orking hours, the num ber of workers serves as a proxy.

’̂ im m igration into Lithuania w ou ld  be clearly invalid as an instrument, as it is very likely to be corre­
lated w ith labor dem and in Lithuania.
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instrum ent, it has to be uncorrelated w ith labor dem and over and above the correla­
tion absorbed by the dum m ies and interaction terms in the estimating equation (2.5). 
However, in light of the scale of the em igration wave following EU enlargem ent, the 
em igration of w orkers of a specific skill group could also shift the dem and for workers 
in this particular group.

Take as an example com puter program m ers, who most likely have a third-level 
degree and 0-10 years of w ork experience. The em igration of a large num ber of pro­
gram m ers may have a negative scale effect on the productivity of their firms, which 
lowers the dem and for program m ers that stay behind. Consequently, the em igration of 
workers in this skill group w ould be correlated with the group 's labor dem and, which 
makes em igration invalid as an instrum ent for labor supply.

To overcome the problem of identification in the presence of sim ultaneity bias, I 
propose a new instrum ent for labor supply, birth cohort size. This instrum ent follows 
the logic that the size of a birth cohort should be highly correlated w ith labor sup­
ply today. For example, if 50 years ago m any people were born, we should observe 
m any 50-year-olds in the workforce today. Obviously, the size of a birth cohort is not 
a perfect predictor for the labor supply today, because it does not take into account 
dem ographic factors like emigration, deaths or early retirement. However, as long as 
birth cohort size is sufficiently correlated w ith labor supply, it is suitable as an  instru­
ment. An additional requirem ent for the instrum ent is that it varies across education 
and experience groups. As long as the birth rates change over time, the instrum ent 
varies naturally across experience groups. A decline in birth rates over time means 
that older cohorts are larger. Birth cohort size also varies across education groups, al­
beit not to the same degree as it varies across experience groups. The relevant units of 
observation for the instrum ent, however, are education experience cells. Between the 
survey rounds of 2002 and 2006, the birth cohorts vary considerably w ithin the same 
experience level. Take as an example the youngest experience group (0-10 years) w ith 
a lower secondary education. In the 2002 survey the members of this cell were born 
between 1976 and 1986, in 2003 between 1977 and 1987, and so forth.

To be valid as an instrum ent, the size of a birth cohort m ust not be correlated with 
labor dem and today, over and above the deterministic factors that are already con­
trolled for in the first stage. In other words, the size of a birth cohort 50 years ago may 
well be correlated w ith contemporaneous dem and shifters such as physical capital or 
total factor productivity bu t these correlations are absorbed in the first stage w ith the 
time dum m ies dt- The only possible violation of the exclusion restriction w ould  be an 
im pact of the birth cohort size on the stochastic part of the estimating equation, the 
error term Sijt. However, it is implausible that the size of a birth cohort, which w as de­
term ined m any years ago, leads to a stochastic shift in labor dem and today. N ote that
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the youngest cohort in the dataset is 18 years of age, the oldest 64. It appears unlikely 
that the num ber of people born at least 18 years ago leads to a stochastic shift of the 
labor dem and curve today. This clear exogeneity of the birth cohort size makes it more 
suitable as an instrum ent than emigration.
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Figure 2.6: N um ber of births per year in Lithuania 

Note: Total n u m b er of p e o p le  born  per year in L ithuania. Source: Statistics Lithuania.

Tlie Lithuanian Statistical Office provides data on the total num ber of births per 
year from 1928 to 2010, excluding the years of the Second World w ar (1939-1945). Fig­
ure 2.6 shows the num ber of births per year from 1945 to 1984, the years in which most 
w orkers in the sample were born. As we can see there is a large variation in the num ­
ber of births over time, which can potentially be exploited in the IV regressions. The 
data in this time series are annual, while the observations in the sample are skill groups 
that consist of 10 subsequent age cohorts, so that the question arises, which measure 
predicts the num ber of w orkers of a skill group today m ost accurately. There are three 
candidates: 1) the total num ber of births, 2) the average num ber of births and 3) the 
m edian num ber of births per skill group. Take as an example the skill group upper 
secondary education, 0-10 years of work experience in the HBS of 2002. This skill group 
consists of 11 birth cohorts, born between 1974 and 1984. The total num ber of births is 
the sum  over all the people born between 1974 and 1984, the average num ber of births 
is the average in this time span and the m edian num ber of births is the corresponding 
median. Taking the average, the sum  or the m edian of the num ber of births ensures 
sufficient variation in the calculated size of the birth cohort, since the time spans of the 
birth years of any two skill groups is different and so is the size of their birth cohort. 
As an example, consider workers w ith a work experience of 0-10 years in the HBS of 
2002. Their birth  years differ depending on their education. Workers w ith 0-10 years of
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work experience and a lower secondary education were born between 1976 and 1986, 
whereas those w ith a third-level degree were born five years earlier, between 1971 and 
1981. Consequently, despite the same level of w ork experience, the cohort sizes of 
these two groups differ.

The choice of the instrum ent depends on its statistical power, i.e. on the correla­
tion of the instrum ent w ith the endogenous regressor. As it turns out in the first-stage 
regressions, the total num ber and the average num ber of births are only weakly corre­
lated w ith labor supply, so that they cannot be used as instruments.^^ The F-Statistic 
of the m edian num ber of births is 16.085, which is a sufficiently high correlation of the 
instrum ent w ith the endogenous regressor. The reason for the weak correlation of the 
first two instrum ents is their sensitivity to outliers in the num ber of births. As w e can 
see in Figure 2.6, the num ber of births was subject to high fluctuations and the sum  
and average are sensitive to large changes in the num ber of births. These jum ps di­
lute the ability of the instrum ents to predict the labor supply of a whole 10-year skill 
group. The m edian is not sensitive to these jum ps, so that it is a better predictor for 
labor supply.

Table 2.3 reports the estimation results for a  e x  p - All regressions are w eighted w ith 
sampling weights.^^ I report the OLS results for com parison but as previously ex­
plained, they are not reliable because of sim ultaneity bias. The IV estimates lie consis­
tently around —0.63, which implies a a  e x p  of 1.58.

The econometric analysis m ay give rise to a num ber of concerns. Firstly, skill 
groups may be serially correlated over time, which can be accounted for using clus­
tering of the standard errors at the education-experience level. As there are only 12 
clusters, however, the asymptotic properties of the clustered standard errors can be 
problematic (Angrist & Pischke, 2009). All standard errors in Table 2.3 are therefore re­
ported w ithout clustering. Once standard errors are clustered, the error in Colum n 2) 
increases to 0.18 and in Colum n 3) to 0.33). The F-Statistic of the instrum ent decreases 
to 8 in Column 2) and to 1.6 in Column 3).̂ "̂  The small changes in standard errors 
indicate that serial correlation is not a problem  in this case.

Another problem  is the small num ber of observations. With 4 available survey 
rounds and 12 skill groups, the results are based on 48 observations. Note, however, 
that the coefficients in Table 2.3 Colum ns 2) and 3) are precisely estimated, neverthe­
less, and the statistical significance is robust to the clustering of standard errors. The 
estimated param eter of 1.58 will enter the baseline simulations in the next section, but

^^The F-Statistics are 0.358 for the average num ber of births and 0.212 for the total num ber of births, 
sam pling w eight is the inverse probability that an observation is included in the sample. The 

survey contains sam pling w eights at the individual level. The sam pling w eight for each skill group  is the 
sum  of all the sam pling weights of this skill group.

‘̂'Regression outpu ts available on request.
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Table 2.3: Regression results for a  e x p

D ependen t variable: log real wage

(1) (2) (3) (4) (5)
Method: OLS IV IV IV IV
Experience cells 10-year 10-year 10-year 20-year 5-year

Iog(Nr of Workers) -0.114 -0.631*** -0.680** -0.569*** -0.287
10.0719 ] [0 .1733 ] [0 .2927 ] [0 . 161] [0 .604 ]

Observations 48 48 48 24 96
0.9742 0.9416 0.9440 0.9790 0.9466

F-Statistic 16.085 3.196 7.914 0.456
<yBXP 8.77 1.58 1.47 1.76 3.48

Controls:
<5t yes yes yes yes yes
Sit yes yes yes yes yes
Sij yes yes yes yes yes
Sjt no no yes no no

Note: The table shows the estim ation results for the elasticity of substitution between w orkers of different 
experience groups, a  e x  p  (Equation 2.5), which is com puted as the negative inverse of the coefficients. 
Robust standard errors in brackets. Significance levels: p<0.01, ** p<0.05, * p<0.1. Controls: St'- year
dum m ies, Su: interaction year*education, 6ij interaction education*experience, 5jt: interaction experi- 
ence*time. a  e x p  is calculated as the negative inverse of the estim ated coefficients.
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as I will show, the results hold qualitatively — they have the same sign but the effects 
are smaller — if I use values from studies on other countries such as Germ any and the 
UK.

The estim ating equation (2.5) does not contain an interaction time*experience, which 
could bias the results if the relative productivity of an experience group changes over 
time. This could be an issue if there is a positive selection of em igrants w ithin an expe­
rience group. If workers w ith better unobservable characteristics leave, the remaining 
w orkers are on average less productive. As column (3) in Table 2.3 shows, the point 
estimate does not differ substantially from the baseline. However, the instrum ent has 
less pow er due to the high degree of saturation.

To ensure that the results are not merely driven by the choice of the intervals of the 
experience groups, I undertake the same analysis for 20-year and 5-year experience 
groups. In the case of 20-year groups the dataset only consists of 2 experience groups 
in every survey year. The estimated coefficient is smaller in absolute value than in 
the benchm ark model w ith 10-year groups, which m eans that old and young workers 
can be seen as closer substitutes w ith this specification. However, the difference in 
absolute values of these coefficients is not substantial. In either of the two cases the 
labor dem and curve is steeper than the one found in studies on the US or Germany. 
In the case of 5-year experience groups the instrum ents have considerably less pow er 
than in the case of 20 or 10-year groups. A reason for the weakness of the instrum ent 
can be the high degree of noise in the data, caused by a small num ber of observations 
per skill group.

The estimates for cr^^xp in the baseline scenario are lower in m agnitude than those 
found in previous studies that use a similar model for the United States, the UK and 
Germany. For the US, the estimates range between 3.5 found by Borjas (2003) to 5 in 
Card & Lemieux (2001) to 7 in Ottaviano & Peri (2011). All these studies use data on 5- 
year experience groups, men only, and different rounds of the US census and Current 
Population Survey. M anacorda et al. (2011) estimate a yet higher elasticity of around 10 
for the UK, w hereas the estimates for Germany in D 'A m uri et al. (2010) are lower w ith 
3.1. The fact that the elasticities for Lithuania are lower than any of those listed above 
means that workers w ith different work experience are less substitutable in Lithuania 
than they are in Germany, the UK or the United States. A smaller value is plausible for 
two reasons. First, the above-mentioned studies estimate a long-run elasticity between 
skill groups while I estimate a short-run elasticity. In the long run, workers of any age 
can adjust their skills to changes in the labor market, which is not possible in the short 
run. As a consequence, any two skill groups are closer substitutes in the long run  than 
in the short run.

A second reason lies in the history of the country. As Lithuania w as part of the
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Soviet Union until 1990, older workers received their education and gathered their 
first w ork experience in a centrally planned economy, w hereas younger w orkers were 
educated and grew up in the environm ent of a m arket economy. Consequently, the 
skills of young w orkers should be im mediately applicable to the labor market, w hereas 
older w orkers m ay need some time for adjustm ent and re-training, which can lead to 
a low degree of substitutability between old and young workers. A recent paper by 
Brunello et al. (2011) backs this explanation. They show that in transition countries 
m en who were educated under socialism have lower returns to education than men 
w ho were educated under a free m arket economy.

2.5.2 Estimation of ged

As a next step I estimate the elasticity of substitution between education groups, asD- 
Because the model is based on a nested CES production function, and education groups 
are on a higher nest than experience groups estimating this param eter requires a higher 
level of aggregation, which results in a lower num ber of observations.

With an estimation based on only 12 observations, it will not be possible to pro­
vide a precise and credible estimate for aEo- Estimating asD, or at least determ ining 
reasonable values for it, is not an end to itself, but asD  will enter the simulations of 
the m igration wave on real wages. The im portance of precise estimates depends there­
fore on the im portance of a e d  for the wage changes. The larger the role of different 
education groups in the m igration wave, the more im portant it is to obtain a precise 
estimate for aED- As shown in the previous section. Table 2.2, the em igration rates are 
very similar across education groups, but they differ considerably across experience 
groups. Therefore, the param eter that m atters most for the simulations is a  e x p , while 
the value oi a e d  should not have a large influence on the sim ulated wage changes.

To find a sensible value for cted^  propose two solutions. First, for the simulations 
1 use a very large {oed oo) and a very small value {oed = 1)/ arid dem onstrate how 
the sim ulated wage changes differ accordingly. Second, to obtain some value for the 
baseline scenario, 1 estimate ged based on the available data. The estimation equation 
for this param eter is derived in the same w ay as equation (2.5),

log Wit =  ^t +  d i t  log U t  +  e, (2.7)
O'ED

in which 5t is a vector of year dum m ies and 5^ is a vector of interactions between 
education and year dumm ies, wu is the average real wage paid to education group i 
at time t. L^t is a labor input calculated from the composite in equation (2.3)?^

'■'’T h e7ij are calculated from the coefficients of the in equation (2.3) with =  11 as the base category,

68



In theory, aED can be identified from equation (2.7). However, due to the small 
num ber of observations, it is not possible to identify asD  w ithout im posing further re­
strictions. Otherwise, the model w ould be too saturated and the coefficient for — I / c f e d  

cannot be statistically distinguished from zero.

Table 2.4: OLS results for ued

Dependent variable: log real wage

(1) (2) (3 ) (4)

log Li t -0.85**’" -0.85*” -0.85*** -0.155
[0.018] [0.010] [0.011] [0.145]

Time trend no yes no no
Year dum m ies no no yes no
Educ-specific no no no ves
time trend
Observations 12 12 12 12
Adj.R^ 0.9954 0.9985 0.9981 0.9999
f f E D 1.18 1.18 1.18 8.69

Note: The table show s the estim ation results for the elasticity of substitution betw een workers of differ­

ent education groups, a s D  (Equation 2.7), w hich is calculated as the negative inverse of the estim ated  

coefficients. Robust standard errors in brackets. Significance levels: p<0.01, ** p<0.05, * p<0.1.

Table 2.4 shows the results of the OLS regressions. Surprisingly, in the first 3 specifi­
cations, the coefficients are highly significant. Only w hen is approxim ated by linear 
time trends, the model is fully saturated and the coefficient becomes insignificant. Yet, 
despite the statistical significance, the asymptotic properties of the OLS estim ator are 
violated due to the small num ber of observations. Moreover, the estimation suffers 
from a simultaneity bias, which could only be mitigated by an instrum ental variable. 
Therefore, one has to be cautious in taking the results in Table 2.4 as clearly identified 
estimates. But despite these obvious problems, the coefficients are of a similar m agni­
tude as in other studies. Krusell e t  al.  (2000), as well as Ciccone & Peri (2005) estimate 
a i^ED of L5, Borjas (2003) 1.3 and Card & Lemieux (2001) 2.25. For the baseline sim u­
lations to follow 1 will use the point estimate of aED =  L18.

so  that (5n =  0. Then, 7 ^ =  ex p (5 ij)/ ( 1 +  I ]  ex p (% )
\  i j
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2.6 Sim ulation of the Wage Effects

2.6.1 Simulation Equation

In this section, I simulate the em igration shock that occurred after EU enlargement in 
this labor m arket and calculate the new equilibrium  wage for each skill group. The cal­
culated wage change is the difference between the equilibrium wages after and before 
the migration shock. The results of this sim ulation have a ceteris paribus interpretation. 
The fundam ental structure of the labor m arket is held constant, so that the sim ula­
tions yield the change in wages in absence of other adjustm ent channels. To obtain the 
simulation equation I differentiate equation (2.4)^^ and drop the time subscripts

A w ij  _ 1 A L
 ^  =  (1 -  a ) - -  -  (1 -  a ) —  + -----------------------------

Wij K  L  a e d
(2.8)

I I /  \  /  . -• I /  \  t  , ■ :

+  (-
1 1 ALi 1 AL,j

 ̂O'EXP cted L i  a  E X P  L i j

Expressions Lt and La  in equation (2.8) are labor aggregates and can as such be ex­
pressed in terms of Lijt.^^ The As measure the change in a variable from 2002 to 2006.

2.6.2 M odel C alibration and S im ulation Results

Figure 2.7 displays the sim ulated wage changes for the baseline scenario. A geiieral 
pattern emerges: em igration caused an increase in the wages of young workers, while 
the wages of old w orkers decreased. Young w orkers gained between 4.9% and 7% 
from emigration. For w orkers w ith a work experience between 10 and 30 years the 
m odel predicts wage changes close to zero. Old w orkers with more than 30 years of 
w ork experience lost around 1% from emigration.

These results suggest that em igration had a significant im pact on the wage distri­
bution between old and young workers. Because of the em igration wave after 2004, 
the youngest cohort became significantly smaller and this change in the composition 
of the workforce changed the wage structure. As previously shown in Figure 2.3, the 
wage prem ium  for older workers was reversed into a wage penalty between 2002 and

^^At, a, 6it and are held constant.

(  \
^^Note that ^  = ^

” E X P - 1

^ E X P
'“ >■3

V  j  /
Si denotes the income share of education group i and Sij denotes the income share of skill group ij. Si and 
Sij are calculated from the sampling weights in the HBS using the information on all men and women in 
the sample.
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Figure 2.7: The impact of emigration on wages

Note: The figure displays the predicted w age changes, based on the sim ulation of the em igration w ave  

after 2004 on the Lithuanian labor market. Parameters: a  =  0.8, cted =  1.18. <t e x p  =  1-58. Labels on the 

y-axis denote education and w ork experience.

2006. Emigration cannot entirely account for these changes in the wage premium but 
the results give evidence that it played a significant role.

To account for the uncertainty in the estimates of the structural parameters I cal­
culate the standard errors of the wage changes using Monte-Carlo simulations. The 
values ot a EXP and ged are drawn independently from a normal distribution, ~  
A^(0.63,0.17) and ~  A^(0.85,0.01).^® The simulated standard errors reported in Ta­
ble 2.3 are the average standard errors of 10000 replications. Comparing the calculated 
wage changes to the simulated standard errors, we can see that most wage changes 
are statistically significant at a significance level of 5% or lower. These simulated stan­
dard errors only take into account the uncertainty that arises from the estimation of the 
structural parameters. The additional uncertainty given by the assumptions about the 
number of migrants to the UK and the calculation of the labor aggregates are addressed 
in the robustness checks in Section 2.B.

Although most of the predicted wage changes are statistically significant, only the 
wage changes for young workers are of economic significance. This can be seen when 
we compare the simulated wage changes caused by migration with the total wages

^*Note that I take the inverse o f the parameters, because these are the results of the IV regressions in 
Section 2.5.1.
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Table 2.5: Decomposition of the wage effect of emigration

Education Experience
(Years)

Total
Wage

Change
Standard

Error

Decomposition of Total Wage Change 
(1) (2) (3) (4) 

Own- Cross- Scale Production 
wage wage

Lower 0-10 4.89 0.93 6.76 1.15 -3.96 0.93
Secondary 11-20 1.23 0.08 3.10 1.15 -3.96 0.93

21-30 1.82 0.08 3.69 1.15 -3.96 0.93
31 + -1.07 0.72 0.80 1.15 -3.96 0.93

Upper 0-10 7.02 1.76 9.11 0.93 -3.96 0.93
Secondary 11-20 0.64 0.00 2.74 0.93 -3.96 0.93

21-30 -0.78 0.40 1.31 0.93 -3.96 0.93
31 + -1.43 0.58 0.66 0.93 -3.96 0.93

Third 0-10 5.72 1.19 7.62 1.13 -3.96 0.93
Level 11-20 -0.07 0.42 1.83 1.13 -3.96 0.93

21-30 -0.23 0.46 1.66 1.13 -3.96 0.93
31 + -1.01 0.68 0.88 1.13 -3.96 0.93

Note: All changes in %. Standard errors are determined by Monte Carlo simulations with 10000 replica­
tions for the parameters a s D  and a  e x p - The total wage change can be decomposed in four effects: 1) 
own-wage effect, 2) cross-wage effect within an education group, 3) cross-wage effect across education 
groups (complementarity effect), 4) aggregate production effect.

changes for Lithuanian w orkers between 2002 and 2006 in Figure 2.2. The wages of 
all groups increased by between 20% and 80%, so that em igration can explain between 
10% and 30% of the wage changes of young workers, but the wage changes of workers 
w ith a w ork experience higher than 10 years are driven solely by other factors, such as 
domestic and foreign investm ent or productivity growth.

After noting that the predicted wage changes differ considerably between young 
and old workers, the question arises which factors drive these results within the model. 
Due to the nested structure of the production function, there is a variety of channels 
through which a labor supply shock can affect wages. The total wage effect in equation 
(2.8) can be decom posed into four effects, which are shown in Table 2.5. The first effect 
is referred to in the literature as the partial effect of m igration on wages. The effects 2,3 
and 4 are general equilibrium  effects that reflect the re-adjustment of the labor dem and 
for different skill groups following changes in labor supply.

1. O wn-w age effect exp  effect is a direct consequence of the sup­
ply shift. If workers of skill group emigrate, the stayers of this group become 
a more scarce resource, which leads to an increase in their wages. As most emi­
grants were young, the own-wage effect is greatest for young workers.
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2. Cross-wage effect w ithin an education group This wage
change is caused by a change in the size and composition of the labor aggre­
gate of the w orker's education group. For example, the em igration of young 
w orkers w ith a lower secondary education increases the dem and for older w ork­
ers w ith a lower secondary education. Intuitively, the positive sign follows the 
logic that w orkers w ith the same education are substitutes. However, as they are 
not perfect substitutes, the cross-wage effect is smaller in absolute value than the 
own-wage effect.

3. Scale effect The wage of each group of w orkers depends positively on
the total num ber of workers w eighted by productivity. A decrease in the total 
num ber of w orkers will therefore lead to a decrease in wages and this effect is 
the same for all workers.

4. Aggregate Production Effect —(1 — a ) ^ .  This effect is a direct consequence 
of the functional form of the aggregate production function. In a Cobb-Douglas 
production function, a decrease in aggregate labor leads to an increase in output 
per worker, because output decreases by less than aggregate labor. If capital 
were to adjust fully, this effect w ould disappear and the predicted w age changes 
w ould be about 1% lower.

Taking all these effects together, we can draw  the following conclusions; the post- 
EU-enlargement em igration wave led to a substantial increase in the wages of young 
workers, as they have become a more scarce resource. The wage increase, caused by the 
own-wage effect, outw eighed the negative aggregate production effect. O lder w ork­
ers did not emigrate in large num bers but their wages were affected negatively by 
the scale effect and the aggregate production effect. Thinking about the own-wage ef­
fect as a supply effect and the other 3 effects as dem and effects, we can conclude that 
for young workers the positive supply effect exceeded the negative dem and effect, 
w hereas for old w orkers the negative dem and effect exceeded the supply effect. Even 
though the CES production function does in itself not account for complementarities 
between groups of workers, the old-young distribution of migrants and the scale effect 
lead to the same effect as if old and young workers w ere complements.

2.6.3 Alternative Calibrations for a  e x p  and g e d

To assess the sensitivity of the sim ulated wage changes to changes in the estimated 
param eters a  e x p  and g e d , ^  present the results for a range of values. In addition, I 
calibrate the model on param eters from the literature.
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Columns (2) and (3) in Table 2.6 show the simulation results for small and large 
values o f  aed '- c te d  =  1 (Cobb-Douglas case) and for =  oo, in which case any 
two education groups are perfect substitutes. As m igration only affected the age com­
position of the workforce, bu t not the educational composition, the predicted wage 
changes only vary mildly with the variation m  a  e d -

Table 2.6 compares the baseline results w ith the results w hen the model is calibrated 
on param eters from the literature. As the labor dem and curves in Lithuania are steeper, 
the first-order effects, i.e. the direct im pact of a labor supply shift of a skill group on the 
w age of the same group, are greater w ith the param eter estim ated for the Lithuanian 
labor market. On the other hand, the fact that g e d  found here is smaller than the one 
in the literature means that the higher-order effects, i.e. the effects of the labor supply 
shifts of workers from one skill group on the wages of another skill group, are smaller 
in the Lithuanian case. Consequently, the negative wage effects I find for workers 
w ith more than 30 years of work experience disappear w hen calibrating the model on 
param eters from other studies. Despite the different m agnitude in the wage changes, 
the main result of this study is robust to these param eter specifications.

2.6.4 Com parison of the Structural Estim ates w ith  Reduced-Form Results

It is im portant to note at this point that this study does not aim to explain the change 
in real wages in its entirety. Its aim is to back out the share of the wage changes that 
can be attributed to emigration. This interpretation, identifying a causal effect after 
controlling for all other explanatory variables, is the same as for a reduced-form  ap­
proach. To assess the quality of model predictions, one has to compare the predicted 
w age changes from both approaches. The upper graph in Figure 2.8 compares the pre­
dicted wage changes from the structural m odel in this study to the estimates in Eisner 
(2010). The latter are positive for every skill group, since the reduced form does not 
take into account the com plem entarity effects. Once the general equilibrium  effects 
are excluded from the structural estimates, it turns out that the predictions of both 
approaches are alm ost identical, as can be seen in the bottom  graph of Figure 2.8.

This finding can have two interpretations. First, the reduced form identifies a par­
tial effect and does not account for com plementarities between groups of workers. In 
this case, the reduced form over-predicts the actual wage changes. Second, the general 
equilibrium  effects at higher nests of the aggregate production function, i.e. the com­
plem entarity and the aggregate production effect, have no im pact on wages, at least in 
the time span considered. In that case, the structural model under-predicts the actual 
w age changes.
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Table 2.6: Sensitivity analysis

(1)
Baseline

(2) 
high (Je d

(3)
low g e d

(4)
IE only

(5) (6) 
Card & Borjas 

Lemieux (2001) (2003)

(7)
Manacorda 
et al, (2011)

(8) 
D'Amuri 

et al. (2010)
Country Lithuania Lithuania Lithuania Lithuania US US UK Germany
< ^ E X P 1.58 1.58 1.58 1.58 5 3.5 10 3.3
O E D 1.18 oo 1 1.18 2.25 1.3 5.8 2.9

Education Experience
Lower 0-10 4.89 4.29 5.00 2.01 2.31 3.00 1.59 2.78
Secondary 11-20 1.23 0.63 1.34 0.50 1.15 1.34 1.01 1.03

21-30 1.82 1.21 1.93 0.75 1.34 1.61 1.10 1.31
31-h -1.07 -1.67 -0.95 -0.44 0.43 0.31 0.65 -0.07

Upper 0-10 7.02 7.29 6.97 2.89 2.80 3.56 1.88 3.87
Secondary 11-20 0.65 0.92 0.60 0.26 0.79 0.68 0.88 0.82

21-30 -0.78 -0.50 -0.83 -0.32 0.34 0.04 0.65 0.13
31 + -1.43 -1.16 -1.48 -0.59 0.13 -0.26 0.55 -0.18

Third 0-10 5.72 5.22 5.81 2.35 2.55 3.32 1.71 3.19
Level 11-20 -0.06 -0.57 0.02 -0.03 0.72 0.71 0.80 0.42

21-30 -0.23 -0.73 -0.14 -0.10 0.67 0.64 0.77 0.33
31 + -1.01 -1.51 -0.92 -0.42 0.42 0.29 0.65 -0.03

Note: Column (1): baseline scenario. (2); same calibration as in baseline scenario, labor supply shock based on Irish data only. These are lower-bound estimates 
to the impact of emigration on wages. (5)-(8) same labor supply shock as in the baseline scenario, model calibrated on parameters found in the cited studies 
based on data from the United States, the UK and Germany.
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Figure 2.8: Comparison; structural model vs. reduced form 
Note: Labels on the y-axis denote education and w ork experience. The graphs display the causal im ­
pact of em igration on wages, as predicted by the structural model and the reduced form. In the upper 
figure the im pacts on the highest nest of the CES production function, the com plem entarity effect and 
the production effect, are excluded from the structural estimates. In the lower figure, these effects are 
excluded.

A third possibility is that the general equilibrium effects show their effect at differ­
ent times. The simulation of the structural model is a counterfactual exercise which 
only considers two states of the economy, before and after the shock. It is reasonable to
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think that the own-wage effect has a faster impact than the general equilibrium effects, 
which are the consequences of adjustment of the labor market through shifts in labor 
demand. In the 5-year period considered in this study these effects may not play a 
role in the wage determination yet, so that the wage changes predicted by the reduced 
form and the structural model without complementarity and aggregate production ef­
fect are more accurate. In the long run, going beyond the considered period in time, 
the general equilibrium effects may come into effect, which means that in the long run 
the predictions of the structural model are more adequate.

The structural model offers insights in the channels through which emigration af­
fects the wages of stayers, but it does so at the cost of the reliance on a number of 
assumptions. The neoclassical demand framework presented in Section 2.3 is based 
on the assumption that labor markets clear and thus assumes away unemployment 
and wage rigidities. These factors could nevertheless play a role in the determination 
of wages, which would mean that the magnitude of the wage effects resulting from 
the simulations could be inaccurate. In fact, looking at Table 2.Id, we can see that 
the unemployment rate decreased substantially from 13.8% in 2002 to 5.6% in 2006, 
which means that labor markets became tighter over the considered period. Given 
the absence of information on the unemployment rate by skill group in the data, it 
is not possible to incorporate unemployment into the simulations. However, in the 
reduced-form approach Eisner (2010) controls for unemployment at the regional level 
and finds very similar results as in the structural model in this study. This indicates 
that unemployment does not alter the magnitude of the wage effect of emigration.

2.6.5 Discussion of the Results

In the structural model I am able to decompose the effect of emigration on wages and 
quantify the contribution of its subcomponents. However, there may be a number of 
reasons why emigration causes these wage changes in the real world that go beyond a 
story of a decrease in labor supply and subsequent adjustments in labor demand.

One explanation why young workers gain from the possibility of emigration is 
the increase in bargaining power. In 2004 workers in Central and Eastern Europe were 
granted the possibility to emigrate at a very small cost. For stayers this means that they 
should be able to negotiate higher wages under the threat of emigration. Before 2004 
this threat was empty due to the high emigration costs. The gain in bargaining power 
was lower for older workers, since they have higher moving costs and their prospects 
of finding work in Ireland in the UK are considerably lower than for young workers. 
Moreover, because of the large number of young emigrants the labor market for young 
workers became tighter, which means that the same number of firms competes for
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fewer workers. If the labor m arkets for old and young w orkers are very different from 
each other, a positive wage effect should be visible am ong young w orkers bu t not 
am ong old workers. The finding in Section 2.5 that young and old workers are less 
substitutable in Lithuania than in the US or Germany confirms this hypothesis.

Clerks

Craft and related trades workers 

Elementary occupations 

Legislators, senior officials and managers 

Plant and machine operators and assemblers

Professionals

Service workers and shop and market sales workers 

Technicians and asociate professionals

Figure 2.9; O ver-/under-representation of w orkers aged 14-34 by occupation

Note: The graph displays the degree of over- or under-representation of workers aged 34 and less com ­
pared to w orkers aged 35 and more. Source: 2002 Structure of Earnings Survey, conducted by Statistics 
Lithuania.

A nother explanation could be the sectoral distribution of workers. If young w ork­
ers tend to w ork in sectors w ith a high flexibility of work contracts and a high fluctua­
tion of employees, they are more likely to switch to a better-paid job once em igration 
leads to labor shortages in the sector. This possibility should be more likely in the ser­
vice sector, which in Lithuania only evolved in the last 15-20 years, and less likely in 
the m anufacturing sector or in agriculture. If young w orkers are concentrated in the 
service sector, they should see higher wage increases. The same logic also applies to 
occupations. If young w orkers tend to choose occupations in which it is possible to 
switch easily to a better-paid job, the wages of young w orkers should increase. Fig­
ure 2.9 gives evidence for the concentration of young w orkers in certain groups of 
occupations. Workers aged 35 and less are over-represented in am ong service workers 
and technicians, while older workers are more concentrated am ong legislators, senior 

officials and managers and elementary occupations, which includes agriculture. These oc­
cupations tend to have a higher w age rigidity than occupations related to services, so

I
I

 1- - - - - - - - - - - - - - 1- - - - - - - - - - - - - - - - - 1- - - - - - - - - - - - - 1- - - - - - - - - - - 1- - - - - - - - - - - - - - r —

-10 -5 0 5 10 15
O ver/under-representa tion  in %

78



that the sectoral and occupational composition w ithin an age group could explain part 
of the w age changes for young workers.

2.7 Conclusion

This paper exploits the large and sudden em igration wave from Eastern Europe after 
EU enlargem ent in 2004 to study how em igration affects the wages of non-migrants. 
Using Lithuanian microdata, I find that em igration significantly changed the wage 
distribution. Emigration caused an increase in wages on average, but the wage effect 
was concentrated among young workers, whose wages increased by around 6% over 
the period of 5 years, while the wages of older w orkers were not affected. Contrary to 
previous literature (Borjas, 2003; Aydemir & Borjas, 2007; Docquier et ah, 2011) I find 
no significant effect of em igration on the wage distribution between high-skilled and 
low-skilled workers. The difference in the wage effects of different experience groups 
can be explained by the dem ographics of the em igration wave, which consisted mostly 
of young w orkers from all education groups.

The quasi-experimental character of EU enlargement allows me to study an im por­
tant issue of im migration policy. Most high-income countries have strict im migration 
laws in place, which restrict m igration from low- and middle-income countries. Given 
the large wage differentials between high-income countries and the rest, lifting these 
barriers to m igration results in substantial migration flows, which have welfare im ­
pacts on both the sending and the receiving countries. The "EU enlargement experi­
m ent" is a rare example for the lifting of m igration restrictions. It shows that workers 
in middle-income countries respond to the opening of labor m arkets in high-income 
countries. Between 6 and 9% of the workforce of Latvia, Lithuania, Poland and Slo­
vakia em igrated to the UK and Ireland. Moreover, the most mobile w orkers have 
higher em igration rates. Young workers are typically more mobile and have lower 
m oving costs than old workers. In this light, it is not surprising that em igrants were 
on average 13 years younger than non-m igrant workers in Eastern Europe.

The results of this paper inform policymakers in middle-income countries about 
the labor m arket impacts of the liberalization of migration. M any middle-income coun­
tries are in the same situation as the Eastern European countries in 2004; they face a 
large wage differential and have a well-educated and highly mobile workforce. Other 
examples are EU candidates like Croatia, Serbia, or Turkey, which m ight see a similar 
outflow of workers as countries that joined the EU in 2004.

The im pact of m igration on wages estimated here is larger than in most studies on 
the receiving countries (Borjas, 2003; O ttaviano & Peri, 2011; M anacorda et a l,  2011). 
Yet, the true w inners of m igration are, in fact, the migrants themselves, who can on

79



average earn 2.5 times as much in the UK than in Eastern Europe.
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Table 2.7: Regression results for a  e x p  -  irien only

D ep en d en t variable: lo g  real w age

(1) (2) (3) (4) (5)
Method: OLS IV IV IV IV
Experience cells 10-year 10-year 10-year 20-year 5-year

log(Nr of Workers) -0.070 -0.573” -0.398* -0.570” * 0.198
[0 .078 ] [0 .241] [0,200] [0 .192] [0 .919]

Observations 48 48 48 24 96
0.9727 0.9317 0.9626 0.9942 0.9326

F-Statistic 5.472 2.883 4.471 0.298
o e x p 14.29 1.74 2.51 1.75 -5.05

Controls:
S t yes yes yes yes yes
Sr t yes yes yes yes yes
S i j yes yes yes yes yes
S j t no no yes no no

Note: Robust standard errors in brackets. Significance levels: *** p < 0.01 , ** p<0.05 , * p<0.1 . Controls: 

5t'. year dum m ies, 5it\ interaction year*education, 5ij interaction education*experience, Sjt'. interaction 

experience^Hme. a  e x p  is calculated as the negative inverse of the estim ated coefficients.

2. A Estimation of a  e x p '  Data on Men only

The baseline estimation in Section 2.5.1 assigns the same level of w ork experience to 
m en and wom en w ith the same age and education. This m ethod can potentially lead to 
miscalculations for the work experience of women, w ho m ight have less actual work 
experience due to m aternity leave. If this miscalculation was im portant, the results 
of the same regressions using data on men only w ould have to differ fundam entally 
from those w ith men and women. As we can see in Table 2.7, the results are different 
w hen using data on men only, but not fundamentally. For 10-year experience groups 
the estimated slope is slightly lower than in Table 2.3,20-year it is the same. In all cases 
the instrum ents are weaker than in the specification w ith men and women, so that the 
results in Table 2.3 are more accurately estimated.

2.B Sensitivity Analysis

The simulations in Section 2.6 were based on a num ber of assum ptions about the struc­
tural param eters and the num ber of em igrants per skill group. In this section I check 
the robustness of the simulation results to changes in these assumptions.

In addition, I re-run the simulations using param eter values from the literature.
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The structural parameters of the Lithuanian labor market are fundamentally different 
from those found in the literature for industrialized countries such as Germany and 
the US. This difference is not surprising, given that Lithuania is a transition country. 
The calibration of the model on parameters from the literature may answer another 
interesting question: suppose Lithuania had the labor market of Germany or the US, 
what would be the wage changes resulting from the emigration wave after 2004?

2.B.1 Irish Data only

The calculation of the number of emigrants per skill group was based on the assump­
tion that the distribution of Lithuanian migrants in Ireland is the same as in the UK. 
I based this assumption on previous studies, from which it can be seen that the edu­
cational distribution of migrants from the New Member States was approximately the 
same. However, there is some uncertainty about the joint education-experience dis­
tribution of Lithuanian migrants in Ireland. If, for example, relatively more younger 
workers went to the UK than to Ireland, the simulation results from the previous sec­
tion would understate the impact of migration on real wages. Therefore, I re-run the 
simulations of Section 2.6 with Irish data only. Column (2) in Table 2.6 shows the sim­
ulated wage changes based on Irish data only. Compared to the baseline scenario, the 
magnitude of the wage effects is significantly lower, but the pattern prevails: young 
workers gain from emigration, while old workers lose. As the emigration rates taken 
from the Irish census data reflect a lower bound to emigration from Lithuania, the true 
wage effects from emigration will be at least as large as those based on simulations 
with Irish data only.
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2.C Tables and Figures

Table 2.8: Aggregation of education groups in the Lithuanian HBS and the Irish census

This s tudy HBS 2002 HBS 2003-2006 Irish  C ensus
low er
secondary
education
duration: 10 years 
leaving age: 16

under prim ary (1) 
prim ary (2) 

basic (3)

vocational school after basic (7) 
vocational school after prim ary (8) 

basic school (9) 
prim ary school (10) 

literacy skills, but no education (11) 
illiterate(12)

prim ary school and less, 
lower secondary school.

u p p er
secondary
education
duration: 12 years 
leaving age: 18

secondary (4) professional college and college (2) 
specialized secondary school (3) 

secondary school (4) 
vocational school (after secondary) (5) 

vocational school (after basic) (6)

u p p er secondary education, 
third-level 

(but no B.Sc equivalent)

third-
level
degree
duration: 15 years 
leaving age: 21

third-level (5) 
highest (6)

university (1) third-level 
(B.Sc equivalent) 

and higher

Note: If applicable, variable code of the original dataset in parentheses.
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Part III

Networks and M igration Decisions
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Chapter 3

Migrant Networks and the Spread of Misinformation

I developed this chapter from joint work with Gaia Narciso (TCD) and Jacco Thijssen (U York). I pre­
sented this work at the 8th ISNE conference (Dublin 2011), the 2nd TEMPO conference (Vienna 2011), the 
Annual Conference of the Irish Economic Association (Dublin 2012), the Econometric Society European 
Meeting (Malaga 2012) and the TCD Micro Working Group. We are grateful to Joanna Clifton-Sprigg, 
Christian Danne, Julia Matz, and Imran Rasul for helpful comments. We would also like to thank TCHPC 
for granting us access to a high-performance cluster.

87



3.1 Introduction

Prior to moving abroad, migrants face significant uncertainty about their job prospects. 
To assess their chances of getting a good job after emigration, migrants often seek ad­
vice from diaspora networks. But not all networks have the same knowledge about 
the labor market in the destination country; some networks are able to provide more 
accurate information than others.

In this paper we study the impact of existing diaspora networks on the success of 
future migrants and on the timing of their migration decisions. We argue that migrant 
communities that are well-integrated in the society of the host country have a greater 
knowledge of the labor market than ethnic enclaves, whose members typically have 
few interactions with the host society. Migrants with access to a well-integrated net­
work receive more accurate information and are more likely to make the right decision; 
they migrate if they can expect to get a good job, and they stay if they can expect a job 
that makes them worse off.

We first explore the link between the information flows and the success of migrants 
in a 2-period decision model. Initially the migrant has some knowledge about his job 
prospects abroad, but not enough to convince him that he will be better off abroad. He 
then receives information from the network and updates his beliefs of getting a good 
job. The more integrated the network, the lower the degree of misinformation, and the 
more likely the migrant is to make the right decision.

To study the effect of networks on the timing of migration, we develop a dynamic 
decision model in which the migrant receives in every period a signal from the net­
work, and faces the trade-off between migrating now under greater uncertainty, and 
postponing the migration decision and obtaining more information from the network. 
With every signal he updates his beliefs, and learns over time about his true odds of 
getting a good job abroad. He emigrates once he has enough evidence that migra­
tion is beneficial. This threshold is reached earlier by migrants with access to a more 
integrated network, as every signal contains more accurate information.

In a next step we test the theoretical predictions using data on Mexican immigrants 
in the US. Mexicans have had a long tradition of emigrating to the US, but their set­
tlement patterns have changed over time. Until the 1980s most Mexicans were con­
centrated in a few US states, while new arrivals since the 1990s have moved to a large 
number of places, which means that we can exploit a significant variation in the size 
and skill composition of Mexican communities across the US.

Key to the empirical analysis is finding proxy variables for the quality of the net­
work and for the success of immigrants. For the quality of the network we propose two 
measures: the share of high-skilled Mexicans in an area, and the degree of assimilation



of Mexicans — as m easured by the similarity of Mexicans and Americans in an area. 
To obtain a measure for the success of im migrants, w e take the difference between a 
counterfactual income in Mexico and the actual income in the US. The more negative 
this measure, the more successful is the migrant.

The results confirm our hypothesis that netw orks affect the likelihood of making 
the right decision. An increase in the degree of assimilation by 10 percentage points 
predicts a decrease in the chances of being better off in Mexico com pared to the US by 
1%. This relation is robust to controls for personal characteristics, the size of the net­
work, and em ploym ent growth. Furthermore, the results are robust to the inclusion 
of state fixed effects, which indicates that they are not driven by fundam ental differ­
ences in job prospects between states. We also test the second hypothesis, but find no 
significant relation between the quality of the netw ork and the age at immigration.

This paper contributes to four strands of the literature. First, it adds a new per­
spective to the literature on netw ork effects in international migration. In large parts, 
the literature defines a netw ork as the num ber of previous migrants in a given desti­
nation. One strand of this literature docum ents that migration is path-dependent; new 
m igrants move to places where they find an established com munity from their home 
countries (Pedersen et al, 2008; Beine et al, 2010). O ther papers argue that larger net­
works are associated w ith a negative selection of migrants. Larger networks decrease 
the moving costs, so that m igration becomes profitable even for less-skilled workers 
(Carrington et al, 1996; Winters et al,  2001; M unshi, 2003; McKenzie & Rapoport, 2010; 
Beine et al, 2011). As shown by Umblijs (2012), larger networks attract more risk averse 
migrants, while risk-loving migrants tend to move to smaller networks. This paper, by 
contrast, focuses on the quality of m igrant networks as a driver of m igration flows. The 
empirical results show that, in addition to the size of the network, its quality has an 
impact on the success of migrants.

Second, it adds to a small bu t growing literature on the role of the m igrants' infor­
mation on their decision to migrate. McKenzie et al. (2007) show that migrants have 
false beliefs about their em ploym ent and earnings prospects abroad. Based on a sur­
vey of Tongan migrants in New Zealand they show  that prior to m igration workers 
under-estimate both the chances of getting a job and the earnings possibilities. One 
explanation they offer is that m igrant networks deliberately report lower earnings to 
their families at hom e to mitigate the pressure to send remittances. Another im por­
tant source of inform ation is media. Farre & Fasani (2011) show for Indonesia that 
access to cable TV significantly lowers internal migration, because w orkers have more 
information about their potential destinations. O ur paper, by contrast, shows that in­
formation not only shapes expectations and influences the decision to migrate, it also 
has an impact on the success of migrants.
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Third, the paper also contributes to the literature on the impact of ethnic enclaves 
on the labour m arket outcomes of immigrants. Borjas (1995) shows that enclaves create 
hum an capital externalities that persist over generations. Children in ethnic enclaves 
grow up  in the same closed-up environm ent, which leads to a persistence in skill dif­
ferentials com pared to people outside the enclave. Yet enclaves can also have a positive 
im pact on the labor m arket outcomes of immigrants. Edin et al. (2003) find a large pos­
itive effect of ethnic concentration on the earnings of low-skilled immigrants in Swe­
den. As A ndersson et a l (2009) show, the concentration of im migrants also increases 
the likelihood of getting a job for new  immigrants. While these papers docum ent the 
im pact of networks on the outcomes of immigrants that have already em igrated, our 
paper shows that networks can even have an im pact on m igration decisions before em ­
igration. N ot only do m igrant netw orks provide help in finding a job once a m igrant 
has arrived, they also provide inform ation to potential m igrants in their home country.

Finally, the paper relates to the literature on the optimal tim ing of migration. This 
strand of the literature began w ith Burda (1995), who shows in a real options m odel 
that increased uncertainty about job prospects can lead to considerable delays in the 
m igration decision. M oretto & Vergalli (2008) and Vergalli (2008) show in a similar 
fram ework that the tim ing of m igration can be driven by networks that facilitate the 
integration abroad. O ur dynam ic decision framework builds on a similar m ethodol­
ogy, bu t w e explicitly model the relation between networks, information flows and the 
m igration decision, which allows us to compare the success and the optimal time to 
migrate for networks w ith different degrees of integration.

The rem ainder of the paper is structured as follows. In Section 3.2 we motivate and 
extend our argum ent that more integrated networks provide more accurate inform a­
tion. We then illustrate the basic intuition in a simple decision model in Section 3.3.1. 
In Section 3.3.2 we generalize the findings from the simple model in a multi-period set­
ting and present numerical examples. In Section 3.4 we test the theoretical predictions 
using data on Mexican m igrants in the US. Section 3.5 concludes.

3.2 Migrant Networks as Providers of Information

O ur basic argum ent is simple: m igrant communities that are more integrated in the 
society of their host country are able to give better information to future migrants. 
M embers of a more integrated com m unity have a better knowledge of the labor m arket 
and can give future m igrants more accurate inform ation about job prospects. Two 
exam ples for networks w ith different degrees of integration are illustrated in Figure 
3.1.

The figure on the left describes an ethnic enclave. Its members, represented by the
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Figure 3.1: Ethnic enclave (left) and loosely connected network (right)

Note: These tw o panels depict m odels o f migrant networks. The circles represent the migrant network; the 

crosses represent information sources outside the network, i.e. native people or the media. The network  

on the left is an ethnic enclave, w ith  strong connections w ithin  the network but w eak connections to the 

outside w orld. The network on the right is a loosely connected migrant network, w ith strong connections 

to the outside w orld and w eak connections w ith in  the network.

circles, have close connections w ithin the network, but very few connections to the 
outside world, represented by the crosses. Examples for such networks are Mexican 
neighbourhoods in Los Angeles or Chinatowns in m ost North American cities. The 
graph on the right represents a well-integrated network, whose members have weak 
connections among each other but strong connections to the outside world. Examples 
for such groups are the Germans in London or the Dutch in New York.

There are two reasons w hy a potential m igrant receives better inform ation from a 
well-integrated network than from an enclave. First, the well-integrated network has 
more connections to the outside world. Its members receive more inform ation and 
therefore have better knowledge about job perspectives in the receiving country. In 
contrast to this, members of an enclave typically have little knowledge of the language 
of the host country (Lazear, 1999; Bauer et a l, 2005; Beckhusen et ah, 2012). An enclave 
may offer job opportunities w ithin the m igrant community, bu t it has very limited 
inform ation on the labor m arket outside the enclave. Second, members of the well- 
integrated network only have weak ties am ong each other, so that m isinformation — 
false beliefs about the w orld outside the netw ork — is unlikely to persist. The members 
of an enclave, on the other hand, deal mostly w ith other members of the enclave. As 
show n by Acemoglu et al. (2010) and Bikchandani et al. (1992), m isinformation is more 
likely to persist in such closely connected communities, as their members receive m ost 
of their inform ation from each other.

To be certain, the two netw ork formations in Figure 3.1 are polar cases that illus-



trate the differences between migrant networks, while in reality most networks will lie 
somewhere in between.

3.3 A Theoretical M odel of Misinformation and the Decision to Migrate

Having established that migrant networks differ in their ability to provide accurate 
information to future migrants, we now explain how the quality of information af­
fects the outcome and timing of the migration decision. We first develop a two-period 
decision model and show that a migrant with access to a better network makes less 
mistakes in his migration decision. In Section 3.3.2 we extend the model to an infinite- 
horizon setting to study how networks affect the timing of migration.

3.3.1 Intuition from a Simple Model

We focus on the decision of a single worker, which allows us to isolate the effect of a 
large network on one migrant from feedback effects that may arise if a whole group of 
people emigrates.^ We also assume that networks already exist and that their quality 
is constant over time.

Consider a potential migrant whose job at home that gives a lifetime income of 
w = 0. If he moves abroad he can either get a good job that pays him a discounted 
lifetime income of > 0 or a bad job that pays <  0. Before he emigrates it is 
uncertain which job he will actually get. If he migrates, he has to pay a sunk moving 
cost M. We assume that > M ; otherwise migration would never be beneficial. For 
simplicity, we assume that he is risk-neutral. He migrates if his expected income from 
migration minus the moving costs is greater than his income at home,

E{U{k))  =  p{k)w^  +  (1 -  p{k))w^  -  M > 0, (3.1)

where p{k)  is the belief probability — the belief that he gets a good job abroad — which 
depends on his level of information k. Initially, his best guess is a commonly known 
probability po. For example, po could be the fraction of previous migrants that got a 
good job. If he receives information from the network he will learn more about his 
actual odds of getting a good job, so that his best guess changes from po to some other 
p{k).

In the first period t=l he can decide whether to emigrate or stay. If he stays, he 
earns his wage at home, and he obtains additional information from the network in 
the second period. The signals from the network can be of two types,

’See Epstein (2010) for a model of informational cascades within a group of migrants.
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g: he will get a good job after migration 
b: he will get a bad job after migration.

A positive signal g brings him  to information set 2A, at which he knows that he has 
received a positive signal, bu t he does not know w hether he is at the upper node — 
and he actually gets a good job — or at the lower node. A negative signal b brings him 
to the inform ation set 2B. Based on the signal he updates his beliefs from po to p{k), 
with

{ 1 if he receives a positive signal g
— 1 if he receives a negative signal b

A  positive signal increases his belief probability, while a negative signal decreases it, 
so th a tp (l)  > Po > p (—1).

The signal is truthful w ith probability A. If he gets a good job abroad, then the 
signal is positive with probability A and negative w ith probability 1 — A. The opposite 
holds if he gets a bad job; he receives a negative signal with probability A and a positive 
signal w ith probability 1 — A. Following our argum ent from Section 3.2, a network with 
more knowledge about the labor market sends a more truthful signal and spreads less 
misinformation. As it is unrealistic that a netw ork has perfect knowledge and com­
pletely eliminates the m igrant's uncertainty, we assume that A < 1. A t the same time, 
A has to be greater than |  for the signal to convey a m inim um  level of truthfulness.^

Figure 3.2 illustrates the w orker's decision problem. We assum e that only p (l) 
fulfills Equation (3.1), so that the worker only migrates if he has received a positive 
signal. In the second period only two actions lead to correct decisions. In the upper 
node of inform ation set 2A  he has received a positive signal, in which case he migrates 
and gets a good job; in the lower node of inform ation set 2B , he has received a negative 
signal, so he stays while he w ould get a bad job if he emigrated. The remaining two 
actions lead to a wrong decision — a decision that makes him  worse-off than he w ould 
otherwise be. In the lower node of 2A  he m igrates despite getting a bad job abroad, 
while in the upper node of 2B  he stays although he could gain from migration. Table 
3.1 sum marizes the probability distribution for the term inal nodes on the decision tree. 
Clearly, the probability of m aking the wrong decision (rows 2 and 3 in Table 3.1) de­
creases w ith the signal quality A. The higher A, the lower is the spread of misinforrha- 
tion.

Proposition 1 A  potential migrant with access to a better network is less likely to make errors 

in his decision to migrate. He is more likely to stay when his prospects abroad are bad and more

^Otherwise, the signal would either be completely noisy (A =  | )  or it would indicate the opposite of
the true state of the world (A <  i
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Figure 3.2; Decision tree for a potential migrant: First stage (left), second stage(right)

Note; Decision tree w itli 2 stages. The panel on  the left show s the first stage only, the panel on the right show s both first 

and second stage. In the first stage the m igrant only knows the a-priori odds of getting a good job, po- Iri the second 

stage he receives a signal from the netw ork w hich is truthful w ith probability A. He m igrates if the signal is positive 

and he stays if the signal is negative.

Table 3.1: Probability distribution of terminal nodes

Job Signal Action Probability  Decision
1) Good Positive M igrate po-  ̂ correct
2) Good Negative Stay po(l “  wrong
3) Bad Positive Migrate ( 1 —po)( l~-^)  wrong
4) Bad Negative Stay ( 1 —po)A correct

likely to migrate if  his prospects abroad are good.

The person only em igrates if he has enough evidence that emigration is beneficial 
— that is, if the num ber of positive signals k  is at least as great as some threshold value, 
k > k*. For simplicity w e have assum ed so far that one positive signal is sufficient. The 
result from Proposition 1, however, does not hinge on this assumption. ^

3.3.2 N etw orks and the Tim ing of M igration

Next, we extend the simple m odel to a m ulti-period model in discrete time, which 
allows us to study the effect of the quality of the netw ork on the timing of migration.^

is possible to extend the model from two periods to an infinite horizon, and to express the threshold 
k*  as a function of wages, m oving costs, the discount factor, and the prior probability. As shown by 
Thijssen et  al. (2004), Proposition 1 still holds in such a more general setting.

^The general framework in this section follows Thijssen e t  al. (2004) and Delaney & Thijssen (2011).
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The setting is the same as in the 2-period model. The m igrant receives a signal 
from the netw ork in every period and learns over time about his true job prospects. 
In every period he faces a trade-off between m igrating now  and waiting for the next 
signal. He has to weigh the cost of uncertainty today against the opportunity cost of 
waiting for the next signal. If he m igrated today he could reap the potential benefits 
of m igration immediately, bu t he w ould also face a higher uncertainty. If he waits one 
more period he learns more about his prospects, bu t he can only benefit from m igration 
in the next period. We m odel this trade-off as an optim al stopping problem, in which 
the potential m igrant accumulates inform ation and postpones the migration decision 
until he has sufficient evidence that he will get a good job. The sufficient am ount of 
inform ation depends on several parameters: the wages for good and bad jobs, moving 
costs, the discount factor, and the prior probability of obtaining a good job.

The num ber of good signals g{t) evolves according to the law of motion dg{t) =  udt, 
w ith p(0) =  0 and

{ 1 w ith probability A if and (1 — A) if
r

0 w ith probability A if w and (1 — A) if w

Initially the potential m igrant has a prior belief pq. With every signal he learns 
more about his prospects and updates his beliefs by making a best guess given the
available information. If he has received n signals in total, of which g were good, his
belief probability according to Bayes' rule is.

(3-2)

=  Afc +  i=Po(i  _A)fc ^
Po  ̂ '

where F(G ) =  po and P{B) = 1 — po are the unconditional probabilities of getting a 
good or a bad job. We define k := 2g — n is the excess num ber of good signals to bad 
signals.^
At a threshold k* the expected gain from m igration in Equation (3.1) equals zero, so 
that the worker is indifferent between m igrating and staying. The corresponding belief 
probability is p* = p{k*). If the num ber of signals and the belief probability exceed k* 
and p*, the m igrant will have a higher expected income abroad and emigrates. If both 
values are below the threshold, the m igrant is better-off w aiting for the next signal. 
Starting at time t =  0 he will keep the option to migrate open until the num ber of

^He receives n signals, of which g are good and n — g are bad. The difference between good and bad 
signals is g — {n — g) = 2g -  n.
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positive signals exceeds k*. Solving Equation (3.2) for k and evaluating at p* = p{k*), 
we obtain the threshold num ber of positive signals.

r  =  (3.3)

The unique solution for k* can be obtained from dynamic programm ing. Formally 
deriving the solution is m athematically dem anding, as k* depends on p*, which in 
turn is a function of several param eters, p* = p(A, r, , w ^ , M ). To dem onstrate the 
mechanics of the m odel we present a simple numerical example and refer the inter­
ested reader to the Appendix 3.A.1 for a formal derivation of k* and p*. We calibrate 
the model on the param eters listed in Table 3.2 and vary the quality of the netw ork 
A. After em igration the w orker can either gain 20,000 or lose 10,000 com pared to his 
job at home. The fixed moving costs are 10,000. He knows that on average 60% of all 
em igrants get a good job. The param eter values only serve illustrative purposes, but 
as we in the com parative statics below, the qualitative results hold for a w ide range of 
parameters.

Table 3.2: Param eters for the simulations

20,000 gain in discounted life-time income after getting a good job
-10,000 loss in discounted life-time income after getting a bad job

M 10,000 sunk moving cost
0.6 unconditional probability of getting a good job

r 0.1 discount rate
A 0.75 probability of a truthful signal

As we can see in Figure 3.3, a better netw ork requires a lower num ber of positive 
signals. If the signal is truthful w ith a probability of 55% he requires 4 positive signals 
in excess of negative signals, while he only requires 2 positive signals if the signal is 
truthful w ith 95%. This leads us to the following proposition:

Proposition 2 A  potential migrant who receives signals from a high quality network emi­
grates earlier.

Signals w ith a higher quality reduce the uncertainty more than low-qualit}<' signals. A 
m igrant w ith access to a good netw ork requires a lower num ber of positive signals to 
have sufficient evidence that em igration is beneficial.

Figure 3.4 shows how  the threshold num ber of positive signals is related to other 
param eters. Changes in wages for good and bad jobs, and w ^ ,  as well as the m ov­
ing costs M  w ork through the expected income channel. An increase in the gains from
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Figure 3.3: Com parative statics: change in the network quality A.

Notes: The threshold belief probability p* increases w ith the netw ork quality  A. With a h igher netw ork  quality  a 

potential m igrant dem ands m ore certainty about his prospects. Right: the threshold num ber of positive signals fc* 

decreases w ith the netw ork quality A. A better netw ork reduces the uncertainty of m igration and  the potential m igrant 

requires less positive inform ation to emigrate.

a good job, a decrease in the losses from a bad job, or a decrease in the moving costs in­
crease the expected gains from emigration, so that a lower num ber of positive signals is 
sufficient. The negative relation between k* and the discount rate ?’ is intuitive. A low 
discount factor puts more weight on income in the future and leads to low opportunity 
costs of waiting, in which case a worker needs many positive signals to convince him  
to migrate early. Finally, k* decreases in the prior probability po. If a worker knows 
that the majority of m igrants get a good job, he does not require m any positive signals 
to be convinced.

From the model we hypothesise that the higher the probability of misinformation, 
the later a potential em igrant migrates.
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Notes: The graphs show  the changes in the threshold number of positive signals fc* subject to a change in 

the key parameters. In each graph, the other parameters are held constant at the values stated in Table 

3.2 .

3.4 Empirical Investigation

We now turn to the empirical test of the theoretical predictions. The aim of this exercise 
is to present empirical patterns that are consistent with the theoretical predictions, and 
to explore the channels through which networks affect migration decisions. While pre­
vious literature concentrates on the size of the network as the main driver of migration 
flows, we want to see if other network characteristics have an impact on the migration 
outcome.

3.4.1 Empirical Strategy

The testable hypotheses are that migrants with access to a better network 1) are less 
likely to migrate if they actually get a bad job abroad, 2) are less likely to stay if they
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would get a good job abroad, 3) they migrate earlier, given migration is beneficial for 
them. Empirically, they translate into

1. P(emigrate|bad job) =  /(netw ork quality, controls)

2. P(stay|good job) =  /(netw ork quality, controls)

3. Age at immigration =  /(netw ork quality, controls).

The error probabilities P(emigrate|bad job) and P(stay|good job), and the timing of 
migration are a function of the network characteristics as well as control variables such 
as education, age, or gender. Guided by our theory, we expect a negative sign for the 
network variables in all three equations.

To test the first and third hypotheses we require data on actual migrants, which 
can be obtained from the receiving countries. The second hypothesis is more difficult 
to test, as it requires information on workers that stay at home but that would actually 
gain from migration. In most poor and middle-income countries there are millions of 
workers who would gain from migration, but only a fraction actually has the intention 
to emigrate. As it is hardly possible to spot the potential migrants in a source country, 
we only test the first and third hypotheses.

We use data on recent Mexican immigrants in the US, which offers several advan­
tages over other available data. One advantage is that we can rely on a large number 
of observations. Mexicans represent a significant share of the entire US population; 
even in a 5% sample we have sufficient observations to produce statistically meaning­
ful results. Another important feature of Mexican-US migration is the large degree of 
variation in Mexican communities across the US. Mexicans have had a long tradition 
of emigrating to the US, which led to well-established Mexican networks in many US 
cities. Yet the settlement pattern has changed in the 1990s. While until the 1980s most 
Mexicans went to California, Texas, and Chicago, many Mexicans in the 1990s settled 
in areas that had no significant Mexican community, such as Atlanta, Denver, Seattle, 
or Washington, D.C. (Card & Lewis, 2007). This gradual diffusion of Mexicans across 
the US means that we can exploit a significant degree of variation in networks and their 
characteristics across metropolitan areas and over time. A third advantage of Mexican 
data is that all immigrants come from the same country, which minimizes the impact 
of unobserved heterogeneity on our estimates. If instead we look at immigrants from 
many different countries, much of the variation in networks and the success of immi­
grants could be driven by unobservable characteristics of these countries. Admittedly, 
there may still be unobserved heterogeneity across Mexican regions, but its impact on 
our results should be smaller than a comparison across different countries.
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3.4.2 Data and Descriptive Statistics

Data

The main dataset is the US census, which is conducted every 10 years and includes 
the entire population. We use the 1990 and 2000 public use 5% sample, drawn from 
IPUMS.^ The 1990 and 2000 rounds have a large number of observations, which en­
sures that the sample is representative even if we restrict our analysis to a relatively 
small subpopulation -  recent Mexican immigrants. Furthermore, a Mexican census is 
available for the same years, so that we can match the information from the US census 
with the wages in Mexico.

The US census is representative at the individual and the household level. It con­
tains rich information on individual and household characteristics. Important for our 
analysis is information about the age at the time of immigration, birth place, current 
employment, education, and family situation.^

Among all the available datasets on Mexican-US migration, the US census is the 
most suitable for our study. Other Mexican-US datasets have information on networks, 
but they do not suit our analysis because of their sample size and representativeness.® 
To characterize the quality of Mexican networks across the United States, we require a 
dataset that is representative of the migrant stocks. The US census allows us to com­
pute several proxies for the network quality in narrowly defined geographic units from 
1980 until 2000, so that the success of recent migrants can be linked to network charac­
teristics 10 or 20 years ago. A disadvantage of the census is that it has no information 
on the migrants' previous income in Mexico. Also, the census gives no direct informa­
tion on the migrants' network of family and friends in the US, so that we have to proxy 
the network by the Mexicans living in the migrant's surroundings.

Ideally, we would like to directly observe the information flows between the net-

^Ipums: Steven Ruggles, J. Trent Alexander, Katie Genadek, Ronald Goeken, Matthew B. Schroeder, 
and Matthew Sobek. Integrated Public Use Microdata Series: Version 5.0 [Machine-readable database]. 
Minneapolis: University of Minnesota, 2010.

^The census includes both legal and illegal migrants, although it does not flag them as illegal migrants. 
Moreover, the census only includes people that stay in the US long-term; it does not include people that 
are on a tourist visa, or any other short-term visitors (Hanson, 2006).

^Other Mexican-US datasets have information on networks, but they do not suit our analysis because 
of their sample size and representativeness. The household surveys ENET (Encuesta Nacional de Empleo 
Trimestral), ENADID (Encuesta Nacional de la dinamica demografica), and the Mexican Family Life Sur­
vey (MxFLS) are conducted in Mexico, and have little information on Mexicans that already reside in the 
US. The Mexican Migration Project (MMP), a survey of Mexican migrants that contains both migrants and 
non-migrants, has some information on family and friends in the US, and on the help of these networks 
in crossing the border and finding a job. Numerous studies use the MMP to analyze the effect of networks 
on migration decisions (Munshi, 2003; Bauer e t  al. , 2005; Amuedo-Dorantes & Mundra, 2007; McKenzie 
& Rapoport, 2007; Bauer et al. , 2007). The MMP is representative of migration flows to the US (Massey & 
Zenteno, 2000), but it is not representative of the stocks. Additionally, it does not have any information 
on the characteristics of friends and family networks in the US, which is what our analysis requires.
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work and the migrant. As the census does not have such information, we only consider 
recent m igrants, as they have most likely received inform ation from the network they 
eventually moved to. The sample includes all people born in Mexico between 18 and 
64 years that arrived no longer than 5 years before the census, and w ho were at least 18 
years old w hen they first entered the US. We drop all Mexicans that are the only Mex­
icans in their census area ( consistent PUMA). Moreover, we only consider workers 
w ith a positive wage income that are not enrolled in a school or college. Our sam ­
ple is therefore only representative for Mexicans that w ent to the US and found a job. 
For w orkers w ith zero income we cannot distinguish between those that unem ployed, 
those that choose not to work, and those that do not report any income. By including 
w orkers w ith zero income, we w ould over-estimate the share of w orkers that w ould 
be better-off in Mexico.

A potential problem regarding sample selection is the m isreporting of the date of 
entry. Transient m igrants — those who move back-and-forth between Mexico and the 
US — tend to report the date of their last arrival in the US, even though they had a 
longer history of migration to the US (Redstone & Massey, 2004; Lubotsky, 2007).  ̂ To 
reduce the bias from m isreporting the year of entry, we only include those m igrants 
that state that they lived outside the US 5 years ago (in the 1990 census) or that they 
lived in Mexico 5 years ago (in the 2000 census).

A nother concern w ith data on Mexicans in the US is the undercounting of illegal 
migrants. The majority of Mexicans in the United States arrive as illegal immigrants 
and only receive their residence perm it at a later stage (Massey & Malone, 2002; H an­
son, 2006). The census does not ask respondents about their legal status. Yet some 
illegal m igrants may fear negative consequences and choose not to take part in the 
survey, or they m ay not be available for some other reason. The undercount of illegal 
migrants can lead to selection bias, if the least-skilled m igrants are more likely to be 
excluded. While we are aware that undercounting m ay bias the results, it is im portant 
to note that the extent of undercounting has decreased significantly over the last cen­
sus rounds, from 40% undercount rate in 1980 (Borjas et al, 1991) and 15-20% in the 
1990s (Bean et al, 2001; Costanzo et al, 2002), to around 10% in the 2000 survey (Card 
& Lewis, 2007). Moreover, Chiquiar & H anson (2005) show that undercounting only 
causes m inor changes to the wage distribution of Mexicans in the US, which means 
that there is no systematic undercount of a particular skill level.

^One reason for the misreporting among transient migrants is the ambiguous wording of the census 
question. In 1990 it asked when the person "came to stay", in 2000 the question was when they "came to 
live" (Redstone & Massey, 2004).
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Dependent variable: error measure

Next w e turn to the construction of the dependent variable. Following the theory, we 
require a measure for an error in the m igration decision — that is, a variable that equals 
one if the person w ould be better off in Mexico and zero if he is better off in the US. As 
we cannot observe wages before emigration, we predict a counterfactual wage from 
the Mexican census based on observable characteristics. A 30-year old male m igrant 
w ith a college degree, for example, will have a counterfactual wage equal the wage of 
a typical 30-year old college-educated m an in Mexico. We first use the Mexican census 
to regress m onthly wages (variable INCEARN) on a vector of personal characteristics,

wage =  X m e x I^m e x  +  £• (3.4)

X m e x  includes a set of education dum m ies, a dum m y for marital status, age, and 
age squared, as well as interactions of the education dum m ies w ith the dum m y for 
m arital status, age, and age squared, e is an error term that captures unobservable 
determ inants of wages. The interaction terms allow us to have a separate age-earnings 
gradient for each education level. Because the coefficients may differ significantly by 
gender, we run separate regressions for m en and women. The sample consists of all 
people aged 18 to 64 w ith a wage income greater than zero. '̂^ From Equation (3.4) we 
obtain the estim ated param eters 0m e x -

Using the same characteristics for Mexicans in the US, X u s ,  we calculate the coun­
terfactual wages as

wage =  X u s $ M E X -  (3-5)

To make both wages comparable, we convert the counterfactual wages into US dollars 
and adjust for differences in price levels using PPP data from the Penn World Tables.

As the wages in the US census are annual wages, we m ultiply the counterfactual 
wages by 12.

The difference between the counterfactual and the actual wages yields the losses 
from emigration.^^ As Figure 3.5 shows, the losses from em igration of recent m igrants 
have a smooth distribution. In both censuses around 25% of all recent Mexican m i­
grants w ould be better off in Mexico. For the baseline regressions we define the error 
m easure as a binary variable w ith value one if the losses from em igration are positive,

''’We also delete any observations with a monthly wage of 2,000,000 pesos or more, which were distinct 
outliers. See Appendix 3.D.1 for a description of the education groups.

” The PPP factor is the amount of goods in return for one dollar in the US over the amount of goods 
in return for one dollar in Mexico. The PPP factor was 0.48 in 1990 and 0.63 in 2000. The exchange rates 
were 2.83 pesos per dollar in 1990 and 9.2845 in 2000. Source: Mexican Central Bank.

'^Annual wages in the US measured by the variable INCWAGE.
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Figure 3.5: Losses from emigration, 1990 and 2000

Note: The graphs show  the distribution of the losses from em igration in 1990 and 2000, w hich  are m ea­

sured as the difference betw een the counterfactual and the actual annual incom e. A Mexican in the US 

has positive losses from em igration if, based on his observable characteristics, he w ould  have a higher 

incom e in M exico than in the US. Data sources: US and M exican census.

and zero otherwise.

Due to unobserved factors we potentially over- or under-estimate the counterfac­
tual wages. The prediction of counterfactual wages in Equation (3.5) assigns to every 
Mexican in the US the average wage of a worker in Mexico with the same observable 
characteristics. But education, age, gender, and marital status only capture some of the 
factors that determine wages. Unobserved factors, such as IQ, confidence, motivation, 
or self-selection into a certain type of firm potentially have a large impact on wages 
and can explain wage differentials between workers with identical observable char­
acteristics. If migrants are positively selected — that is, if they are on average more 
skilled than comparable workers in Mexico — we under-estimate the counterfactual 
wages and undercount the number of workers who would be better off in Mexico. If 
migrants are negatively selected, we over-estimate the counterfactual wages and the 
losses from emigration.

The literature on the selection of Mexican migrants has not reached a consensus 
on the direction of selection bias. Chiquiar & Hanson (2005) and Orrenius & Zavodny 
(2005) find that the selection of Mexican migrants occurs mostly at the center of the 
wage distribution. This view has been challenged by Ibarraran & Lubotsky (2007), 
Moraga (2011) and Ambrosini & Peri (2012), who use longitudinal data to show that 
Mexican migrants are negatively selected from the wage distribution. If that were 
the case, we would over-estimate the losses from emigration and classify too many 
immigrants as being better off in Mexico.

Another reason for over-estimating the losses from emigration is the misreport- 
ing of educational attainment. Education is self-reported in the census, and although

6,0e-05-

4,0e-05

2.0e-05
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respondents do not benefit from misreporting, there is evidence that migrants over­
report their education level (Lubotsky, 2007), for example to make them look better m 
front of the interviewer or other people present at the interview .

As we are unable to correct for selection- or misreporting bias in the calculation of 
counterfactual wages, and as the baseline 0-1 error measure is likely to overestimate the 
number of people coded with one — those who would be better off in — we provide 
several alternative error measures. One continuous measure is the gain from returning, 
i.e. the difference between the counterfactual and the actual wage. In addition, we 
consider error measures based on the relative position in the distribution of the losses 
from emigration; in one measure we code as one all immigrants whose losses are above 
the 90th percentile, in another measure above the 75th percentile, and yet in another 
above the median.

Regressors of interest: netw ork measures

The key explanatory variable is the quality of the migrant network — the ability of the 
network to provide accurate information about job prospects.

As we have no direct information on the network and the information flows before 
migration, we have to rely on proxies for the network quality. Generally speaking, we 
proxy network quality by the characteristics of Mexicans that had lived in the same 
area for at least 5 years before the census. The smallest geographic areas in the US cen­
sus are the PUMAs (public use microdata area), which contain between 100,000 and 
200,000 people. There are more than 2000 PUMAs across the US. PUMAs do not cross 
state borders, but their boundaries change from census to census, depending on inter­
nal migration in the US. For the censuses in 1980,1990, and 2000, the US Census Bureau 
has constructed 543 consistent PUMAs whose boundaries are constant over time. For 
our analysis we use the number and characteristics of Mexicans in a consistent PUMA 
as a proxy for the network. For better readability, we will refer to consistent PUMAs 
as "PUMAs."

The first network measure is the number of Mexicans in a PUMA, which is the 
standard measure in the literature on network e f f e c t s . G i v e n  that all PUMAs are 
similar in size, the number of Mexicans is a measure for the geographic concentration 
of Mexicans.

The second network measure is the share of high-skilled Mexicans in a PUMA. The 
conjecture behind this measure is that high-skilled workers have a better knowledge of 
the labor market and can give better information to future immigrants. We classify as

the regressions to follow, w e will use the natural logarithm of the number of Mexicans. As we have 
some PUMAs with no Mexicans, we use log(l +  Nr of Mexicans).
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high-skilled those immigrants who finished at least the 9th grade, which is equivalent 
to a high-school degree. Among all Mexicans in the US, the share of high-skilled was 
42.3% in the 1990 census and 53% in the 2000 census.

Our third measure of the network quality is an assimilation index that measures 
how similar Mexicans are compared to Americans in the same metropolitan area. Mex­
icans that are highly assimilated potentially have a better knowledge of the labor mar­
ket. The assimilation index, developed by Vigdor (2008), measures the statistical sim­
ilarity between Mexicans and Americans with respect to a large number of observ­
able characteristics such as gender, age, income, occupation, number of children, home 
ownership, employment status, etc. The index is 0 if we can perfectly distinguish Mex­
icans from Americans, and 100 if it is not possible to statistically distinguish a Mexican 
from an American. The assimilation index is based on a probit regression of the im­
migrant status of all Mexicans and Americans in a metropolitan area — coded as 1 if 
Mexican, 0 if American — on all observable characteristics. In a second step, we use 
for each Mexican the estimated coefficients from the probit regression to predict the 
probability of being Mexican. The assimilation index per PUMA is then calculated as 
100 minus the average probability of being Mexican.^^ For each census round we use 
the assimilation index of 10 years before as an explanatory variable.

D escriptive statistics

Table 3.3 displays the descriptive statistics for the census rounds in 1990 and 2000. The 
average new migrant is in his late 20s, male, and has a lower secondary education.

Between 1990 and 2000 the losses from emigration decreased; new immigrants 
were on average more successful in 2000. At the same time, the increase in the stan­
dard deviation indicates a larger degree of variation in the success of new migrants. 
The change in the mean can be caused by at least two factors. One possibility is that 
real wages have increased more in the US than in Mexico. Another factor is that mi­
grants coming after the census in 1990 were more skilled; the share of high-skilled 
immigrants — those with more than 9 years of education — increased by 8 percent­
age points, while the share of high-school dropouts decreased by 6 percentage points. 
Besides having better education, it is also possible that immigrants in 2000 had better 
unobservable skills.

Another noteworthy development is the number of Mexicans per PUMA. It de­
creased on average from 1990 to 2000, while its standard deviation increased. These 
changes confirm the observation by Card & Lewis (2007) that the 1990s have seen a

''‘See Appendix 3.B for a more detailed description of the assimilation index, 
can only use 10-year lags, as the census is only carried out every 10 years.
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Table 3.3: Summary statistics: Mexicans in the US

1990 2000
Obs Mean SD Obs Mean SD

Dependent variables
Losses from emigration 15,988 -4,046 5,694 35,466 -6,973 8,954
1 if losses > 0 15,988 0.25 0.43 35,466 0.21 0.41
Age at immigration 15,988 26.6 8.6 35,466 26.9 8.4

Network measures
Nr of Mexicans 15,988 89,026 94,346 35,466 85,355 112,927
Share High-skilled 15,988 0.38 0.10 35,466 0.46 0.09
Assimilation index 14,561 0.63 0.13 29,031 0.62 0.15

Control variables
High-school dropouts 15,988 0.24 0.42 35,466 0.14 0.34
Lower secondary 15,988 0.45 0.50 35,466 0.49 0.50
Upper secondary 15,988 0.27 0.44 35,466 0.33 0.47
Some college 15,988 0.05 0.21 35,466 0.04 0.21
Male 15,988 0.70 0.46 35,466 0.70 0.46
Married 15,988 0.46 0.50 35,466 0.51 0.50
Nr children 15,988 0.69 1.33 35,466 0.66 1.22
Employment growth - - - 28,920 8.1 10.9

Note: Sum m ary statistics for M exicans that m igrated to the US no longer than 5 years before the census. 

Losses from em igration are the difference betw een the counterfactual incom e in M exico and the actual 

incom e in the US. The second dependent variable takes value 1 if a person has positive losses from m i­

gration and zero otherw ise. The netw ork variables are m easured at the level of consistent PUM As (public 

use microdata area). Share high-skilled is the share of M exicans w ith more than 9 years o f education. The 

assim ilation index  takes value 1 if migrants cannot be statistically distinguished from natives. Em ploym ent 

grow th is the grow th of em ploym ent in a m etropolitan area from 1990-1995. Sources; census data from 

the IPUMS 5% public use sam ples.



Table 3.4: Summary statistics for selected areas in 2000

Losses Error Age mig Nr Mexicans Assim. High-skilled
Albuquerque -4,374 33% 26.4 51,106 59 44%
Atlanta -7,879 18% 27.4 20,839 73 46%
Boston -6,061 40% 29.5 2,281 99 82%
Chicago -8,119 20% 27.7 149,514 59 47%
Dallas -7,463 18% 26.1 130,570 52 41%
Denver -8,013 18% 27.1 63,812 63 45%
Houston -7,040 19% 26.6 177,379 60 44%
Las Vegas -8,123 23% 26.4 59,169 62 50%
Los Angeles -6,144 23% 26.5 478,384 59 51%
New York -6,997 14% 24.6 17,549 96 47%
Phoenix -6,581 20% 26.8 113,476 58 47%
Washington, DC -10,748 11% 24.6 8,845 97 42%

Note: The table displays sum m ary statistics for M exicans in selected US cities. For each city w e chose 

the consistent PUM A (CONSPUM A, Public U se Microdata Area) w ith the largest num ber of M exicans. 

Losses: losses from emigration; a negative value m eans that the person is better off in the US; error: share 

of M exicans w ith  positive losses from emigration; N r Mexicans: number of M exicans in a PUMA; Assim.: 

assim ilation index (0-100); H SD: share of high-school dropouts (low est education level); College: share of 

college-educated people (highest education level). Source: US and Mexican census 2000.

diffusion of Mexican immigrants in the US. In the 2000 census Mexicans were more 
likely to move to areas with smaller networks.

The assimilation index is the same in both periods. It has fewer observations 
than the other variables, as we were only able to calculate the assimilation index for 
metropolitan areas with more than 20 Mexicans.

Employment growth is measured as the growth from 1990 to 1995 in each metropoli­
tan area The number of observations for employment growth is smaller than for 
other variables, as it is not available for all metareas. Before 1990, employment data 
was only available at the state level, so that we only use it for the 2000 census.

Table 3.4 illustrates the variation in the key variables for selected metropolitan areas 
in 2000. For each metropolitan area we picked the consistent PUMA with the largest 
Mexican coinmunity. There is sigiiificant variation in the losses from emigration, the 
percentage of migrants that would be better off in Mexico, the size of the Mexican com­
munity, and the degree of assimilation. By contrast, there is a low degree of variation 
in the age at immigration and the share of high-skilled workers. The only exception is 
Boston, where both are considerably higher than in all other cities.

No obvious relation seems to exist between the size of the network and the losses 

’^Source: Bureau of Labor Statistics.
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from emigration, but there is a negative relation between the degree of assimilation 
and the losses from emigration. The more assimilated the network was 10 years before 
the census, the more successful are new migrants.

3.4.3 Results

Table 3.5: Networks and the success of recent immigrants

D ependent variable: D ependent variable:
Losses from em igration P(error)

A: 1990 (1) (2) (3) (4) (5) (6)

Log nr 
Mexicans

-16.19
[57.63]

-16.79
[46.08]

-120.26
[88.25]

-0.004
[0.003]

-0.004
[0.003]

-0.009*
[0.005]

Share
high-skilled

-36.97***
[8.662]

-0.079
[0.064]

Assimilation 
index (1980)

-33.49***
[10.631

-0.133*
[0.076]

Observations 15988 15988 14561 15988 15988 14561
Clusters 272 272 141 272 272 141

0.046 0.050 0.048 0.025 0.025 0.025

B: 2000

Log nr 
Mexicans

209.31***
[69.09]

209.27***
[68.85]

135.44
[117.26]

0.005**
[0.002]

0.005**
[0.002]

0.001
[0.003]

Share
high-skilled

-32.77***
[11.60]

-0.106**
[0.041]

Assimilation 
index (1990)

-40.93***
[11.06]

-0.109***
[0.031]

Observations 35466 35466 29031 35466 35466 29031
Clusters 438 438 197 438 438 197
R^ 0.031 0.032 0.037 0.029 0.030 0.030

Note: Colum ns l)-3) show the coefficients from OLS regressions; colum ns 4)-6) show the marginal effects 
from a probit regression, evaluated at the mean. It only displays the regressors of interest. Additional 
controls are education, age, age squared, gender, m arital status, and the num ber of children. The share 
of high-skilled and the assimilation index are scaled 0-100 in colum ns l)-3), and 0-1 in colum ns 4)-6). 
The netw ork variables are m easured at the level of consistent PUMA (public use m icrodata level). The 

dependent variable in colum ns 4)-6) has value 1 if a person 's income w ould be larger in Mexico than in 
the US. Standard errors (shown in brackets) are clustered by consistent PUMA. For the probit regressions 
w e report the Pseudo-/?^. '  p < 0.10, ** p <  0.05, ’** p < 0.01.
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Networks and the success of recent immigrants

In this section we estimate the im pact of the network quality on the success of migrants. 
As a first measure for the success of im m igrants we consider the losses from emigration 
— the difference between the counterfactual income in Mexico and the actual income 
in the US. Columns l)-3) in Table 3.5 display results from an OLS regression of the 
losses from em igration on different measures for the netw ork quality and personal 
characteristics. As the netw ork measures are group variables, we cluster the standard 
errors at the consistent PUMA level. The effects of the network size on the losses from 
em igration differ considerably between 1990 and 2000. While the effect is negative and 
economically as well as statistically insignificant in 1990, it is positive and significant 
in 2000. For a 1-percent increase in the num ber of Mexicans, the annual losses from 
em igration increase on average by 209$. M igrants w ho moved to a larger network 
between 1995 and 2000 were therefore less successful.

W hen w e add the share of high-skilled w orkers in Colum n 2), the coefficient for the 
network size remains unchanged. In both periods a one-percentage-point increase in 
the share of high-skilled Mexicans decreases the annual losses from em igration by 32 
to 36$. This effect is not only statistically significant, it is also economically meaningful. 
Consider two different networks, one w ith a share of high-skilled of 40%, the other one 
with 50%, which are at the 25th and 75th percentile in the distribution of the share of 
high-skilled Mexicans. The difference in the losses from em igration between the two 
networks is around 360$, which is about 8% of the mean losses from emigration.

The assimilation index also has a negative and statistically significant coefficient. 
More assimilated networks predict a higher success for new migrants. In 2000, an 
increase in the assimilation index by one point decreases the losses from em igration by 
41$. Again, the difference between the 25th and the 75th percentile of the assimilation 
index is considerably large w ith 480$ per year. This gain is over and above w hat can be 
explained by the network size. As we are not able to calculate the assimilation index 
for PUMAs w ith very small Mexican communities, however, these estimates can be 
biased. In a robustness check in Section 3.C.1 we show that we over-estimate the effect 
of the assimilation index to a small degree.

O ur second dependent variable is in line w ith our theoretical model; we code all 
m igrants w ho w ould be better off in Mexico w ith one and everyone else w ith a zero. 
We then run  a probit regression of this error measure on the network variables as well 
as on personal characteristics. Columns 4)-6) in Table 3.5 display the marginal effects 
evaluated at the mean. N ot surprisingly, the sign of all coefficients is the same as in the 
OLS regressions, bu t only in 2000 are some coefficients statistically significant.

The netw ork size has hardly any influence on the likelihood of making an error.
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Even though the coefficients in 2000, Columns 4) and 5), are statistically significant, 
they only predict a 0.05% increase in the likelihood of making an error for a 10% in­
crease in the number of Mexicans. On the contrary, the proxies for the network quality, 
are economically significant. A 10-percentage-point increase in both the share of high- 
skilled workers and the assimilation index decreases the likelihood of making an error 
by 1%.

A potential concern with the marginal effects for the share of high-skilled Mexicans 
and the assimilation index is multicollinearity. If both variables had a strong positive 
correlation they would measure the same thing and lead to the same marginal effects. 
Given the construction of the assimilation index, a strong positive correlation is pos­
sible, but other patterns, like a negative or no correlation, are equally plausible. The 
index has a high value if Mexicans are similar to Americans in the same metropolitan 
area with respect to a large number of personal characteristics. In theory it is therefore 
not clear why high-skilled Mexicans should be much more similar to their American 
neighbors than low-skilled Mexicans. The data, however, reveal a moderate positive 
correlation of 0.36 in 1990 and 0.31 in 2000. The correlation between the assimilation 
index and the size of the network is stronger, with a correlation coefficient of -0.59 
in 1990 and -0.52 in 2000. The negative sign indicates that larger networks are less 
assimilated than smaller networks. Yet a correlation of -0.59 is weak enough to rule 
out multicollinearity problems. The variance inflation factors, which measure the ex­
tent to which the inclusion of each variable inflates the standard errors, lie below the 
commonly used threshold of 5.

As described in Section 3.4.2, it is possible that the binary error measure over- or 
understates the number of workers that would be better off in Mexico. As an alter­
native, we now focus on the relative position in the distribution of the losses from 
emigration and code every worker as one whose losses from emigration lie above the 
90th, 75th, and 50th percentile. In Table 3.6, all coefficients for the share of high-skilled 
workers and the assimilation index are negative, supporting the main proposition of 
our theory. The more assimilated the network, and the higher the share of high-skilled 
Mexicans, the more successful are recent immigrants, and the lower is the likelihood 
of being above a certain percentile of the losses from emigration.

So far, the results are consistent with the theoretical predictions. While we do not 
claim that the positive correlation between the network quality and the success of re­
cent migrants is a causal relationship, we can exclude some alternative explanations. 
Reverse causality, often a problem in OLS regressions, is not an issue here as the net­
work variables are predetermined; we consider as part of the network only those Mex­
icans who have lived in the US more than 5 years before the census, while the recent 
migrants have lived in the US for less than 5 years.
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Table 3.6: Alternative dependent variables

D ependent variable: 
P(> 90-percentile)

D ependent variable: 
P(> 75-percentile)

D ependent variable: 
P(above median)

A; 1990 (1) (2) (3) (4) (5) (6)

Log nr -0.002 -0.006* -0.004 -0.009* -0.006 -0.016**
Mexicans [0.002] [0.003] [0.003] [0.005] [0.004] [0.008]

Share -0.030 -0.079 -0.296***
high-skilled [0.039] [0.064] [0.084]

Assim ilation -0.086** -0.133* -0.282***
index (1980) [0.038] [0.076] [0.104]
Observations 15988 14561 15988 14561 15988 14561
Clusters 272 141 272 141 272 141
Pseudo 0.033 0.035 0.025 0.025 0.028 0.028

B :2000

Log nr 0.004** 0.003 0.005** 0.000 0.013*** 0.006
Mexicans 10.001] [0.002] [0.002] [0.004] [0.004] [0.007]

Share -0.040 -0.127*** -0.184“
high-skilled [0.030] [0.047] [0.072]

Assim ilation -0.022 -0.134*** -0.182”
index (1990) [0.020] [0.045] [0.071]
Observations 35466 29031 35466 29031 35466 29031
Clusters 438 197 438 197 438 197
Pseudo 0.042 0.042 0.028 0.029 0.022 0.023

Note: The table displays m arginal effects of netw ork qualitiy m easures on the success of m igrants. The 
results are derived from probit regressions, evaluated at the mean. The dependent variable equals one 
if the losses from em igration are above the 90th, 75th, and 50th percentile. A dditional controls in each 
regression: gender, age, age squared, education, num ber of children. S tandard errors are clustered by 
consistent PUMA. The share of high-skilled and the assim ilation index are m easured between 0 and 1. * 
p < 0.10, ** p <  0.05, *** p < 0.01
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But the results can also be driven by a third factor that determines the quality of 
the network and the success of recent migrants at the same time. If some areas have at­
tracted high-skilled migrants for more than 10 years, we would observe a network with 
a high share of high-skilled migrants at the same time as a large number of successful 
new migrants. To account for changes in the economic conditions across regions, we 
include the employment growth between 1990 and 1995 at the level of metropolitan 
areas as a control variable.^^ As we can see in Table 3.7, the coefficient of the size of 
the network becomes larger and has the same statistical significance. The effect of the 
assimilation index on the success of new immigrants is similar to the baseline, both 
in magnitude and statistical significance. By contrast, the share of high-skilled work­
ers has a small and statistically insignificant effect. Employment growth can in fact 
explain the correlation between the share of high-skilled workers and the success of 
immigrants, but it cannot explain the effect of the assimilation index.

Table 3.7: Robustness check; including employment growth

D ependent variable: D ependent variable:
Losses from em igration P(error)

(1) (2) (3) (4) (5) (6)

Log nr 
M exicans

272.32***
[67.171

258.24***
[67.84]

55.25
[112.83]

0.008***
[0.002]

0.008***
[0.002]

0.003
[0.003]

Share
high-skilled

-23.75
[15.78]

-0.055
[0.048]

A ssim ilation  
index (1990)

-30.06* •* 
[986.49]

-0.105***
[0.034]

Em ploym ent
growth

-18.49
[12.50]

-21.02*
[12.40]

-26.79**
[12.96]

0.009
[0.033]

0.004
[0.033]

0.011
[0.036]

Observations 28920 28920 26187 28920 28920 26187
Clusters 326 326 186 326 326 186

0.034 0.034 0.038 0.030 0.030 0.031

Note: In this table w e  extend the baseline regressions by including the em ploym ent grow th betw een 1990 

and 1995 as a regressor. A dditional controls are age, age squared, education, gender, and the num ber of 

children. Standard errors are clustered by consistent PUM A. * p <  0.10, ** p <  0.05, *** p <  0.01

While the employment growth accounts for changes in the economic conditions 
across regions, the results could also be driven by long-term fundamental differences 
between regions. To see whether the results are affected by economic heterogeneity of 
regions, we include state fixed effects into the regression, so that all the variation comes 
from within states.^® As shown in Table 3.8, the inclusion of fixed effects, changes the

’^Source: Bureau of Labor Statistics. A s em ploym ent at the level of m etropolitan areas is only available 
from 1990, w e  lim it the analysis to the 2000 census.

’*The data has too little variation to use m etropolitan area fixed effects.
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size and statistical significance of the effect of the network size on the success of immi­
grants. In 1990 the effects are considerably larger and statistically significant, whereas 
in 2000 the coefficients are small and insignificant. The coefficients of the share of high- 
skilled workers and the assimilation index are smaller and insignificant in 1990 and of 
the same magnitude and significance as in the baseline in 2000. These results point at 
the difference between immigrant cohorts in 1990 and 2000. For immigrants arriving 
before 1990 the size of the network was more important, while for those arriving after 
1990 the quality of the network seemed more important.

In sum, we find that more assimilated networks predict a greater success of recent 
migrants. This relation exists over and above the size of the netw^ork, and it is robust 
to controlling for employment growth and including state fixed effects. The results are 
less robust if we proxy for the network quality with the share of high-skilled workers, 
but we can exclude that the share of high-skilled workers has a negative effect on the 
success of recent migrants.

N etivorks and the tim ing o f m igration

Besides having an impact on the success of current migrants, our theory predicts that 
networks also affect the timing of migration. Migrants with access to a better network 
migrate earlier, as they need a lower number of positive signals to be convinced that 
migration is beneficial. In Table 3.9 we test this prediction by regressing the age at 
the time of immigration on the network variables, controlling for gender, education, 
and the number of children. The size of the network alone (Column 1) has no effect 
on the timing of migration. In Columns 2) and 4) we include the share of high-skilled 
Mexicans and the assimilation index. Both variables have positive and statistically 
significant coefficients, which means that Mexicans with access to a better network ac­
tually emigrate later. Yet the results are economically insigiiificant. Take as an example 
the marginal effect of the assimilation index in Panel A, column 4). The difference 
between the 25th and the 75th percentile of the assimilation index is 15 points, which 
means that a migrant with access to a network at the 25th percentile migrates 0.45 years 
earlier than a migrant connected to the 75th percentile.

There are two reasons why the marginal effects are not larger. First, as Table 3.4 il­
lustrates, the average age of immigration does not vary greatly across the US. Second, 
the effects of the network size and network quality cancel each other out. This could 
especially be the case for the assimilation index and network size, which have a strong 
negative correlation of -0.59 in 1990 and -0.52 in 2000. Migrants with access to small, 
more assimilated networks may get better information, but they receive fewer signals 
than migrants with access to a larger but less assimilated network. The observed net
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Table 3.8: Robustness check: including state fixed effects

D ependent variable: 
Losses from em igration

D ependent variable; 
P (error)

A: 1990 (1) (2) (3) (4) (5) (6)

Log nr 
Mexicans

-168.35**
[77.04]

-172.99**
[68.97]

-203.16**
[86.28]

-0.010**
[0.005]

-0.010**
[0.005]

-0.014**
[0.006]

Share
high-skilled

-21.23**
[9.77]

0.028
[0.071]

Assimilation 
index (1980)

-19.54
[14.56]

-0.011
[0.086]

Observations 15988
0.062

15988
0.065

14561
0.064

15950
0.035

15950
0.035

14545
0.034

B: 2000

Log nr 
Mexicans

42.57
[93.683]

-2.48
[86.270]

110.60
[120.618]

0.001
[0.003]

0.000
[0.003]

0.004
[0.004]

Share
high-skilled

-49.47***
[10.240]

-0.112*'*
[0.041]

Assimilation 
index (1990)

-30.45***
[11.25]

-0.098***
[0.034]

Observations 35466 35466 29031 35462 35462 29030
0.039 0.042 0.046 0.035 0.035 0.035

Note: In this table we re-run the original regressions using state fixed effects. Columns l)-3) show the 
coefficients from OLS regressions; colum ns 4)-6) show  the m arginal effects from a probit regression, eval­
uated at the mean. It only displays the regressors of interest. A dditional controls are education, age, age 
squared, gender, m arital status, and the num ber of children. The share of high-skilled and the assimila­
tion index are scaled 0-100 in colum ns l)-3), and 0-1 in colum ns 4)-6). The netw ork variables are m easured 
at the level of consistent PUMA (public use m icrodata level). The dependent variable in columns 4)-6) has 
value 1 if a person 's income w ould  be larger in Mexico than in the US. S tandard errors (shown in brack­
ets) are clustered by consistent PUMA. For the probit regressions we report the P s e u d o - * p < 0.10, ** 
p <  0.05, " * p <  0.01.
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effect should then be close to zero. In Columns 3) and 5) we add an interaction term 
of the network size and network quality. For the share of high-skilled workers in 1990, 
the coefficients are jointly significant at the 5%-level, but the marginal effects are neg­
ligible. The coefficients in Panel A), Column 5), are jointly significant at the 1%-level, 
while they are insignificant in Panel B. The results in Panel A), Column 5) yield small 
— and for network sizes above the 5th percentile positive — marginal effects of the 
assimilation on the timing of migration. At a mean-sized network, the marginal effect 
is +0.04; at the 75th percentile it is +0.06.

In summary, the estimated effects of network size and quality on the timing of 
migration are small. The data on Mexican immigrants in the US do not confirm our 
prior that migrants with access to better networks emigrate earlier. While networks 
affect the success of migrants, they are unrelated to the timing of migration.

3.5 Conclusion

A large literature has examined the impact of diaspora networks on the migration deci­
sions of future migrants. By and large, this literature explains network effects through 
the size of the network — the quantity. In this paper we take a different approach 
and focus on the quality of migrant networks and its impact on the success of future 
migrants.

Around the world, migrant communities differ not only in their size but also in 
their degree of integration in the host society. We argue that more integrated networks 
have a better knowledge of the labor market in the destination, and therefore give 
more accurate information to future migrants. Based on this reasoning, we develop 
a theoretical model from which we derive two propositions. First, migrants with ac­
cess to a better network are more likely to make the right decision; they only migrate 
if they in fact are better-off abroad. Second, migrants with access to a better network 
migrate earlier. We test these propositions empirically, using data on Mexicans in the 
US. We find strong support for the first hypothesis. A more assimilated network pre­
dicts a significantly higher likelihood of succeeding in the destination. For the second 
hypothesis, however, we fiiid no support in the data.

One limitation of the empirical analysis is that we only measure the economic suc­
cess of migrants. Mexicans may come to the US for reasons other than a higher income, 
for example a better quality of life, more personal security, or a better education for 
their children. None of these variables can be captured by our data, but it would be 
generally interesting to look into these soft factors as drivers of migration flows.
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Table 3.9: N etw orks and  the tim ing of m igration

Dependent variable: age at immigration
A :1990 (1) (2) (3) (4) (5)
Log nr -0.079 -0.078 -0.226 0.024 -0.648**
Mexicans [0.050] [0.051] [0.166] [0.074] [0.284]

Share 0.022** -0.006
high-skilled [0.011] [0.028]

log(Mexicans) 0.004
X (share h-s) [0.004]

Assimilation 0.030*** -0.062
index (1980) [0.011] [0.040]

log(Mexicans) 0.010**
X assim. index [0.004]
Observations 15988 15988 15988 14561 14561
Clusters 272 272 272 141 141

0.20 0.20 0.20 0.20 0.20

B :2000

Log nr 
Mexicans

-0.004
[0.034]

-0.004
[0.032]

-0.271
[0.202]

0.079
[0.057]

-0.331
[0.246]

Share
high-skilled

0.031***
[0.009]

-0.016
[0.031]

log(Mexicans) 
X (share h-s)

0.006
[0.004]

Assimilation 
index (1990)

0.012*
[0.007]

-0.048
[0.033]

log(Mexicans) 
X assim. index

0.006*
[0.004]

Observations 35466 35466 35466 29031 29031
Clusters 438 438 438 197 197

0.16 0.16 0.16 0.16 0.16

Note: The table presents results from OLS regressions of the age at the time of im m igration on network 
variables. A dditional controls are education, gender, and the num ber of children. S tandard errors are 
clustered by consistent PUMAs. ’ p <  0.10, ** p <  0.05, *** p <  0.01
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3.A Dynamic Decision Model

3.A.1 Derivation of p*

To find a unique value for the threshold num ber of positive signals k* in Equation (3.3), 
we determ ine the corresponding belief probability p* using dynamic programm ing. It 
is possible to find p* by looking at the optimal behavior around k*. li  k >  k* the 
worker em igrates w ith certainty, which gives him the expected utility in Equation (3.1). 
k < k* — 1 defines the continuation region, in which he will w ait for further signals to 
arrive. In that case, even the next positive signal will not contain sufficient evidence 
for a positive m igration prospect. The value function for the continuation region has 
to satisfy the Bellman equation

rV,{k) =  j E [ d V i { k ) ] ,  (3.6)

which is derived as follows. The value of lifetime income after m igration is Vi{k).  In 
the continuation region Vi{k) has to equal the expected lifetime income after an instant 
dt, discounted to time t, V\{k) =  Wii^ +  !)]• M ultiplying by and noting
that E [Vi {k +  1)] — V\ {k) =  E [dVi (/c)], we get Equation (3.6).

To determ ine the value function V\{k),  we use the Bellman equation and construct

+  1) +  (1 -  -  1)) 3̂

+  (1 -  p{k)) [ \Vi {k  -  1) +  (1 -  \ )V , {k  +  1))].

Equation (3.7) states that the value of the option to migrate now m ust equal the 
discounted value of the option after the next signal has arrived. It is helpful to look 
at the game tree in Figure 3.2 w hen interpreting Equation (3.7). Consider the first half 
of the RHS of Equation (3.7). With probability p{k) he gets a good job, so that he is at 
the upper node of information set 1. But because the signal from the network is not 
entirely truthful, he ends up at the upper node of 2A with probability A and at the 
upper node of 2B w ith probability 1 — A. At 2A the value function is F(/c +  1), at 2B it 
is K(fc — 1). The interpretation of the second half of Equation (3.7) is analogous.

With some algebraic m anipulation, we can write Equation (3.7) as a second-order dif­
ference equation. We first re-write Equation (3.7) as

(1 +  r)Vi{k) =  Vi{k +  1) {2p{k) \  +  1 -  A -  p{k))  

+  V ^ { k - l ) { p { k ) - 2 p { k ) \  +  \ )
(3.8)



Using Equation (3.2) and defining C, := the two expressions in parentheses on the 
RHS reduce to

and

„> A ( l - A ) ( A ' - > + C ( l - A ) " - ‘)
p{k) -  2p(k)X +  A = ---------------+ ^(1 -  A)t----------- ■

Inserting these into equation (3.8) and defining F{k) = (A  ̂+  C(1 — A)^) Vi(^) yields

F{k  +  1) -  (1 +  r)F{k)  +  A(1 -  X)F{k  -  1) =  0. (3.9)

As shown in Thijssen et al. (2004), Equation (3.9) has the general solution F{k) = A(5^. 
A is a constant and 5̂ is a solution to the fundam ental quadratic/^ which is an upw ard 
pointing parabola w ith a global m inim um  at /3 =

Q{l3) = P ^ - { l  + r)l3 + \ i l - X ) .

The fundam ental quadratic has two real roots

A,2 =  ±  l v ' ( l  +  r ) '^-4A(l -A) .

The expression under the square root is positive due to 5 < A < 1.
The general solution to Equation (3.9) is

F{k) = + A 2 /3I,

where Ai  and A 2 are constants. A\  will have to be determ ined from the dynamic 
optim ization problem. For the value function to be well-behaved, we require A 2 = 0. 
If the num ber of bad signals goes to infinity, i.e. k —> —oc, the value of the option 
to migrate should go zero, which can only be ensured if A 2 = 0. Hence, the value 
function for k < k* is

Vi{k) =
A'' +  C(1 -  A)^'

The optim ization problem  has three unknow n variables, A\ ,  p* and k*. To obtain 
the threshold belief probability p* w e have to consider the two threshold numbers of

second-order homogeneous linear difference Equation is of the form y(a;+2)-|-a2/(a;+l)+6y(a;) =  0. 
The corresponding fundamental quadratic is -I- a/3 -H 6 =  0.
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signals k = k* and k = k* — I. A t k = k* the worker is indifferent between migrating 
and waiting. Hence, the value-matching condition Vi{k*) = E{U{k*)) has to be satis­
fied. A t k =  k* — 1, the next good signal will either make him indifferent between 
m igrating and staying, while in the case of a bad signal he will strictly prefer staying. 
Consequently, starting from a num ber of signals k = k* — 1 he will never strictly prefer 
em igrating after the next signal has arrived, so that A;* — 1 is part of the continuation 
region. The continuity condition V\{k* — 1) =  E([/(/c* — 1)) states that the value of the 
option to postpone the m igration decision has to equal the expected utility from m i­
gration now. These two conditions, together w ith Equation (3.3) determ ine a unique 
solution for the three unknowns. The value-matching condition yields

^  +  C(1 -  A)"(ti;^ -  M ) )  .

The continuity condition is

^  -  M ) +  C(1 -  -  M ) )  .

Equating the continuity condition and the value m atching condition and dividing by 
-t- C(1 — A)^, we have

p*{w^ -  M ) +  (1 -  -  M ) = p*PiB [ w M )
A

A 1 -  A 1 -  A

Dividing by {w^ — M) and solving for p* gives the threshold belief probability

p  =
^ i - ( l - A )  

1 -  A w

In the following, we prove that p* is a well-defined probability.

(3.10)

3.A.2 Proof: p* well-defined.

Proposition 3 p* is a well-defined probability.

Proof. For p* to be well-defined, it has to be 0 < p* < 1. For p*iO to hold, and

+ 01
1 - A

have to have the same sign. Moreover, A < 1.

i - \  ~  > 0 follows from /3i >  1 — A.
Note that since /?i and (52 are the roots of an upw ard-pointing parabola w ith mini-
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mum it has to hold that Q(/?i) =  Q { h )  =  0 and Q{e) < 0 for ^ 2 <  £ < A- 
Q(1 — A) =  —r(l — A) < 0 implies /?i > 1 — A.

jbJa/ “  1̂  ^ 0 holds as well. Algebraic manipulation yields 1̂ — >

1̂ — which holds by the assumption A > .̂ Moreover, A < 1 by assumption.
Consequently, p* > 0.
Next we show that p* < I. This condition is equivalent to

^ Pi  — M
-  M  ~  T w b - M  

n r /  A  /^lA .  . .G

which holds by assumption > M.  Hence, p* is a well-defined probability.

3.B Assim ilation Index

Here we give a detailed description of the assimilation index. The index gives us a 
statistical measure that equals 100 if Mexicans can statistically not be distinguished 
from Americans, and 0 if they can be perfectly distinguished.

We first run a probit regression of the migrant status on a vector of personal char­
acteristics X  separately for each metropolitan area,

P(Mexican \ X)  = F{Xf3) ,  (3.11)

and obtain the coefficient vector /3.
Based on observable characteristics and the estimated coefficients, we then predict for 
every Mexican i  the probability that he is in fact a Mexican

K =  ^ X p ) ,  (3.12)

where $  is the cumulative distribution function of the joint normal distribution. Let
the average probability for each PUMA be p'm-

Finally, w e calculate the assimilation index for each PUMA as

indexm =  100(1 -  pm)- (3.13)

In choosing the observable characteristics, we closely follow Vigdor (2008). X  con­
tains the following variables: marital status, gender, education, employment status.
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number of children, wage income, age, the ability to speak English, home ownership, 
and veteran status. We also include the median income of the person's occupation in 
1990 (variable ERSCOR90) to see whether migrants work in similar occupations com­
pared to Americans.

The sample includes all Mexicans and Americans aged 25-64 that live in a metropoli­
tan area with at least 20 Mexicans. We run the regression separately for each metropoli­
tan area, but calculate the assimilation index at the PUMA level.̂ *̂  The assimilation 
index can be interpreted as the degree of similarity of Mexicans within a PUMA com­
pared to all Americans living in the metropolitan area.

3.C Robustness Checks 

3.C.1 Alternative specifications

Due to data constraints, it is not possible to calculate the assimilation index for areas 
with a small number of Mexicans. This situation leaves us with a smaller number 
of observations whenever the assimilation index enters the regression. The omitted 
observations are mostly Mexicans that live in PUMAs with very few other Mexicans, 
which can lead to a selection bias in our estimates, as our sample is only representative 
for larger Mexican communities. As the number of observations in Table 3.5, Panel 
B shows, we lose 6,435 observations from 241 PUMAs — in relative terms 18% of all 
observations from 48% of all PUMAs.

Because the assimilation index is unknown for small communities, the magnitude 
and direction of the selection bias cannot be directly evaluated. We can, however, 
get an indirect measure from dropping all observations without an assimilation index 
from all regressions and observing changes in the coefficients of the other measures 
of network quality — the size of the network and the share of high-skilled workers. 
The estimated coefficients, displayed in Table 3.10, are slightly larger in absolute value 
compared to the estimates with the full sample in Table 3.5. Therefore, by dropping 
migrants from small communities we over-estimate the effect of assimilation on the 
success of new immigrants.

also tried to estimate a separate probit regression for each PUMA, but several PUMAs had only a 
few Mexicans, in which case the maximum likelihood estimator did not converge.

121



Table 3.10: Dropped observations without assimilation index

D ependent variable: D ependent variable:
Losses from em igration P(error)

A: 1990 (1) (2) (3) (4)

Log nr 41.482 28.781 -0.003 -0.003
Mexicans [80.919] [62.304] [0.004] [0.004]

Share -47.197*** -0.223***
high-skilled_________________ [11.427]____________________ [0.079]
Observations 14561 14561 14561 14561
Clusters 141 141 141 141

0.045 0.049 0.025 0.026

B :2000

Log nr 285.790*** 280.815*** 0.006*** 0.006**
M exicans [92.323] [91.517] [0.002] [0.003]

Share -37.365** -0.155***
high-skilled [16.990] [0.054]
Observations 29031 29031 29031 29031
Clusters 197 197 197 197

0.035 0.036 0.028 0.029

Note: In this table we only consider observations for which we w ere able to calculate an assimilation index, 
i.e. m etropolitan areas w ith  more than 20 Mexicans. Colum ns 1) and 2) show OLS results, Columns 3) 
and 4) probit results. The dependent variable in the probit regressions is coded as 1 if the person w ould 
be better-off in Mexico. A dditional controls in all regressions are age, age squared, education, gender, 
and the num ber of children. S tandard errors are clustered by consistent PUMA. * p <  0.10, ** p <  0.05,
*** p < 0.01
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3.D Data Appendix

3.D.1 Education G roups

For the prediction of the counterfactual wages in Section 3.4.2 and for the regressions in 
Section 3.4.3 we use four broad education groups. C lustering the workers into broad 
education groups makes the interpretation of the estimates easier and allows us to 
match the Mexican and the US data. Table 3.11 shows the education groups for the 
Mexican and the US census. For the Mexican census we take the variable years o f school­
ing (YRSCHL). The US census distinguishes between 11 education groups (variable 
EDUC).

Table 3.11: Education groups in the Mexican and US census

N r Education group M exican census US census

1 High-school dropouts less than 5 years of schooling education group 1
2 Lower secondary education 5-9 years of schooling education groups 2-4
3 U pper secondary education 10-12 years of schooling education groups 5-7
4 Third-level education 13 or more years of schooling education groups 8-11
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Part IV

Conclusions
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In this thesis I present three essays on the causes and consequences of international 
migration. The first two papers study the consequences of migration for the migrant 
sending countries. Compared to the wage effects in the receiving countries, the send­
ing countries are vastly understudied. The first essay presents a result that is consistent 
with a simple supply-and-demand framework: emigration decreases labor supply and 
causes an increase in wages. The effect found in the first chapter is larger than the wage 
effects of migration that are typically found in the receiving countries. This indicates 
that the labor markets of sending and receiving countries have a different structure, 
which means that that the labor markets in the sending countries deserve special at­
tention in the literature.

The second essay goes beyond an average wage effect of emigration, and studies 
the distributional impacts of emigration. The effect on the wage distribution depends 
on the characteristics of migrants and stayers. Stayers that are close substitutes to 
emigrants should see an increase in their wages, while the wages of those that are 
complements should decrease. Furthermore, if a significant share of the workforce 
emigrates, general equilibrium effects become important. For example, fewer workers 
translate into lower aggregate demand, which has a negative impact on wages. When 
all these first- and second-order effects are added up, I find that only the youngest 
cohort experiences wage increases, while for the positiv^e and negative effects add up 
to zero for older workers.

In contrast to the first two chapters, the third chapter studies one of the deter­
minants of migration: migrant networks and the information they provide to future 
migrants. Based on the observation that migrant networks have different degrees of 
integration in the society of their host country, we argue that more integrated networks 
provide more accurate information about the labor markets abroad. We hypothesize 
that migrants who receive information from a more integrated network will make a 
more accurate decision — they only migrate if they are in fact better off doing so — 
and migrate earlier. Based on data on recent Mexican immigrants in the US we test 
these hypotheses and find that migrants with access to more integrated networks are 
indeed more successful, and they are less likely to be better off in Mexico. For our sec­
ond hypothesis we find no support, however; the quality of the network has no impact 
on the timing of migration.

These three essays open several avenues for future research. Inspired by the first 
two chapters, one important direction is extending the analysis to more countries. The 
first two chapters, together with works of other researchers on Mexico, Honduras, and 
Moldova, indicate that emigration has a significant impact on the wage structure in 
the sending countries. The effects found in these studies are consistently larger than 
the ones found in receiving countries. Cross-country studies, or at least case studies
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on more sending countries, can help to evaluate w hether the results of the previous 
studies are generalizable, or w hether they are specific to certain countries. The biggest 
obstacle to research on the sending countries is data availability. A survey that tracks 
m igrants in their sending and receiving country could lead to a significant im prove­
m ent in data quality, and hopefully to promising insights.

As EU enlargem ent triggered a large migration wave w ithin a very short time, it 
could shed light on other interesting aspects related to migration. After the enlarge­
ment, Eastern European workers emigrated in large num bers because they could easily 
find well-paid work in the boom ing economies of the UK and Ireland. With the eco­
nomic crisis hitting both economies in 2008, many m igrants subsequently returned to 
their hom e countries. From this sequence of boom and bust it w ould be possible to 
study selection dynam ics of migration. It w ould be interesting to see which w orkers 
em igrated first, which ones followed after some time, and the same for w orkers who 
returned.

A key finding of the second paper is that young and old workers in a transition 
country like Lithuania are less substitutable than in countries w ith a longer tradition 
of a m arket economy, such as the US or the UK. One explanation for the low degree of 
substitutability in transition countries is that the old generation was educated under 
socializm, and therefore their skills are less adaptable to a m arket economy, so that they 
face a wage penalty. One interesting research area would be to analyze the evolution 
of this wage penalty as transition goes along, and to see w hether the substitutability 
between old and young w orkers has changed over time, and w hat the determ inants of 
this change are.

As for the third chapter, there is certainly more scope for research on the role of 
inform ation in m igration decisions. First of all, while our empirical results are con­
sistent w ith the theory, it w ould  be helpful to find some exogenous variation in the 
netw ork quality and to obtain credible causal estimates for the im pact of the quality 
of networks on the success of migrants. Besides networks, m igrants potentially use 
m any more inform ation sources, such as TV, the internet, or newspapers. An inter­
esting project w ould be to disentangle the effect of each of these sources on m igration 
decisions and on the success of m igrants in the receiving country. Due to the limited 
availability of data, and the difficulty to find a quasi-experimental setting, it w ould be 
promising to combine a survey with some experimental evidence.
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