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Abstract

This paper analyzes the role of ethnic networks in the location decision of

migrants to the EU at the regional level. Using a random parameters logit

speci�cation we �nd a substantially positive e�ect of ethnic networks on

the location decision of migrants. Furthermore, we �nd evidence of spatial

spillovers in the e�ect of ethnic networks. Analyzing the trade-o� between

potential income and network size, we �nd that migrants would require a

sizable compensation for living in a region with a smaller ethnic network,

especially when considering regions where only few previous migrants from

the same country of origin are located.
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1 INTRODUCTION

Previous research has shown that migrants' choice of location within a coun-

try can be explained by di�erences in economic opportunities across regions

(like higher wages or an increased probability of �nding employment, see Davies

et al., 2001) or by some regions or cities acting as �ports of entry� into a country

because of infrastructure endowments (like sea- or airports) or administrative

institutions (like central immigration o�ces). But these factors cannot fully

explain the observation that migrants tend to settle where other migrants of

the same ethnicity migrated before, resulting in a geographic concentration of

migrants with similar ethnicity in speci�c locations. Since a seminal study

on ethnic migrant concentration in the U. S. by Bartel (1989), several studies

have formulated hypotheses explaining migrant concentrations theoretically (see

Massy et al., 1993, for an overview of some earlier work, or Carrington et al.,

1996; Gross and Schmitt, 2003; and Chiswick and Miller, 2005) and have iden-

ti�ed the importance of ethnic networks for the location decision of migrants

(see, among others, Zavodny, 1999; Bauer et al., 2000; Gross and Schmitt, 2003;

Åslund, 2005; Pedersen et al., 2008; Damm, 2009a). Other studies have high-

lighted the role of ethnic networks for employment and earnings opportunities

or educational attainment (see Cutler and Glaeser, 1997; Munshi, 2003; Cardak

and McDonald, 2004; Chiswick and Miller, 2005; Damm, 2009b, to name just

a few) or the role of �ethnic capital� in determining economic performance (see

Borjas, 1992, 1995).

However, the previous literature focused only on local networks and has

not considered that the spatial structure of networks around a region may also

a�ect the location decision of newly arriving migrants. But the positive e�ect of

a network is not necessarily limited to regional borders: newly arriving migrants

can also bene�t from networks in neighboring regions by gaining information on

labor market opportunities in these neighboring regions, or by the provision of

ethnic goods produced in other regions. Furthermore, some ethnic goods might

be provided only if the network size in all regions of a country is large enough.

We thus contribute to the existing literature on the role of ethnic networks

on the location decision of migrants by considering not only the size of the local

ethnic network as a determinant of migrants' location choice, but also the size of

the ethnic network in neighboring regions and other regions of the host country.

This is, to the authors' best knowledge, the �rst article to date which explicitly

incorporates this form of spatial heterogeneity in the e�ect of ethnic networks

on migrant's location choice.

Second, we contribute to the existing literature by analyzing location choice

at the regional level for European countries, while other studies deal with this
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topic either at the national level (Pedersen et al., 2008; Geis et al., 2008) or

focus on the regions of a single country (Bartel, 1989; Åslund, 2005; Damm,

2009b). Third, we examine the trade-o� between income and ethnic network

size and provide an approximation of the compensating variation for changes in

the ethnic network size.

As in previous empirical studies (e. g., Davies et al., 2001; Christiadi and

Cushing, 2008) the location decisions are estimated at the individual level using

a discrete choice model based on random utilities. If our hypothesis is true and

networks in neighboring regions matter for the location decision, the indepen-

dence from irrelevant alternatives property is violated, and the commonly used

conditional logit model (McFadden, 1974) is no longer applicable. We there-

fore follow Gottlieb and Joseph (2006) and apply the more suitable random

parameters (mixed) logit framework (see McFadden and Train, 2000).

Based on 2007 data from the European Labour Force Survey our empirical

analysis shows that the probability of moving to a region depends not only on

the size of the local ethnic network but also�albeit to a smaller extent�on the

network size in adjacent regions and other regions of the country. Ignoring the

e�ects of networks in neighboring regions overestimates the e�ect of network size

in the host region and leads to biased results. Deriving the trade-o� between

income and ethnic network size, we are able to calculate the Euro value of a

variation in ethnic networks. Our results show that ethnic networks are highly

important for the location decision, and that migrants would require a sizable

compensation for moving to a region with a smaller ethnic network.

2 LITERATURE REVIEW

A variety of theoretical and empirical studies has shown that ethnic networks

are an important factor in explaining why migrants are concentrated in speci�c

regions of the host country.1 One of the most frequently cited theories for the

importance of networks is that migrant networks produce positive externalities

for members of the same ethnic group, so that the costs of migration decrease

with the number of previous migrants: networks can provide help with the set-

tlement process, decrease the perceived alienation in the host country (Bauer

et al., 2000) or provide �nancial assistance (Munshi, 2003). Furthermore, net-

works can provide their members with ethnic goods like food, clothing, social

organizations, religious services, media (radio, newspapers, etc.) or marriage

markets (Chiswick and Miller, 2005), and the provision of these ethnic goods

can be expected to increase with the stock of migrants with similar ethnic back-

ground. This creates an externality which provides incentives for other immi-

grants to settle in regions where they can enjoy a larger supply of ethnic goods.
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If there are economies of scale in the production of ethnic goods (as can, for

example, be expected for religious services or media), geographic concentration

facilitates the supply of these goods at lower prices and reduces the costs of liv-

ing (especially if ethnic goods make up a large part of the consumption basket),

which attracts more immigrants to move into this region even if they could earn

a higher wage somewhere else (Chiswick and Miller, 2005).

Ethnic networks also provide information externalities: by being in contact

with previous migrants, newly arrived migrants can bene�t from a better avail-

ability of information on employment opportunities which increases their labor

market prospects (Gross and Schmitt, 2003). They can also bene�t from job

referrals by more established members of the network (Munshi, 2003). Further-

more, if employers with migration background prefer to employ other migrants

of similar ethnic origin instead of natives (Andersson and Wadensjö, 2009), a

separate migrant labor market can emerge which can even sustain a higher wage

than the larger �general� labor market (Gross and Schmitt, 2003).2

A variety of empirical studies in the literature support the network migration

hypothesis and �nd positive e�ects of ethnic networks on the location decision

of newly arrived migrants. However, most of the previous work focuses on

the U. S., while there are only few studies covering European countries. Two

notable exceptions are Pedersen et al. (2008), who estimate the determinants

for migration �ows to 22 OECD countries and �nd a robust and sizable e�ect of

ethnic networks on migration �ows, and Geis et al. (2008), who found networks

to have a positive (but decreasing in network size) e�ect on migrant's choice

between four OECD countries (France, Germany, United Kingdom, and the

U. S.). Other studies on European countries take a single-country perspective:

focusing on Denmark, Damm (2009a) showed that the relocation hazard of

refugees randomly assigned to a municipality during the Danish spatial dispersal

policy is lower for those assigned to a municipality with a higher percentage of

co-nationals, while Åslund (2005) found similar e�ects for immigrants to Sweden

subject to the �Whole of Sweden Strategy� as well as a preference of migrants for

regions with larger ethnic networks before the implementation of the strategy.

While there is strong evidence that ethnic migrant networks have a positive

e�ect on the location decision, there can also be negative e�ects on the utility

of both previous migrants (Heitmueller, 2006) and prospective new migrants:

continuing migration reduces the income di�erentials between sending and re-

ceiving countries and the wages of migrant cohorts. A similar e�ect will arise if

housing prices increase due to increased demand following an in�ux of migrants

into a region or if the amenities connected to the ethnic network are capitalized

into rents and house prices (Gonzalez, 1998). This negative e�ect of decreasing

wages and/or increasing housing prices will at some point dominate the pos-
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itive network externality e�ect, leading to a decline in the attractiveness of a

formerly popular ethnic cluster (Portnov, 1999).3 If prospective emigrants take

this into consideration when deciding where to locate, an inversely U-shaped

e�ect of network size on the probability of moving to a speci�c region can arise

(Bauer et al., 2007).

3 DATAAND ECONOMETRIC FRAMEWORK

To test for the importance of ethnic networks in the location decision of migrants

in Europe we use data from a special evaluation of the 2007 European Labour

Force Survey (EU-LFS) which provides not only information on the region of

residence (at the NUTS-2 level), but also information on the country of birth.

We consider all individuals born outside their country of residence to be �mi-

grants�. The data also allow us to di�erentiate between those who moved to the

EU between 1998 and 2007 and those who have been living in their host country

for more than 10 years. The location choice will be modeled for migrants who

moved to the EU between 1998 and 2007.

The set of host countries includes only 13 of the 15 EU member states as of

19984 due to missing information on the country of birth in the German and

Irish LFS. Using the weight attached to the individual observations in the EU-

LFS, we model the location decision of 8,988,710 migrants age 15 or older from

154 countries.5

To model the decision of migrant k to settle in region r ∈ R, a random util-

ity framework can be applied (Marschak, 1960) where each of the 158 NUTS-2

regions in the set of alternative regions R yields a region-speci�c utility Ukr.6

We impose the simple behavioral model of a utility-maximizing decision maker:

migrant k chooses alternative s ∈ R if and only if Uks > Ukr ∀ s ̸= r. Because

the decision maker's utility is not known, observable characteristics of the alter-

natives Xkr can be used to de�ne the representative utility Vkr = V (Xkr) ∀ r

which is a function of variables Xkr speci�c to migrant k and region r. As-

suming that representative utility is linear in the attributes of the regions, the

utility function is given by

(1) Ukr = Vkr + εkr = β′Xkr + εkr

where εkr is a random error term.
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Ethnic networks

Our main variable of interest in Xkr is the size of the ethnic network. We use

country of birth to de�ne ethnicity in the EU-LFS data and assume that all

individuals born in the same source country belong to the same ethnic group.

Although this this is only an imperfect measure, it has been widely applied

in the literature as a proxy for ethnicity and/or cultural similarity (see, for

example, Borjas, 1995; Gross and Schmitt, 2003; Åslund, 2005; Cutler et al.,

2008; Damm, 2009a,b, to name just a few).

Because the positive e�ects of ethnic networks (see section 2) can be assumed

to increase with the number of individuals of the same ethnicity living in a

region, the most obvious measure of the size of the ethnic network is the stock

(the absolute number) of previous migrants with the same country of birth.

Since we analyze the location decisions of those who migrated to the EU between

1998 and 2007, the number of previous migrants is proxied by the stock of

migrants from the same country of birth who moved to the region before 1998.

Unfortunately, the EU-LFS does not allow a more detailed di�erentiation by

year of arrival in the host country. The only information available in the data is

whether migrants who were living in a particular EU country in 2007 migrated

before 1998 or between 1998 and 2007. Despite this shortcoming of the data,

three arguments justify our approach: �rst, it takes some time for networks to be

e�ective; only after they have learned the administrative and social conventions

of their host country, after they have found jobs or founded businesses providing

ethnic goods, etc., previous migrants will be able to provide assistance to newly

arrived members of their ethnic community. Second, by including only those who

have been living in a region for at least 10 years our network variable includes

only the most established members of a migrant's community. Although it

could be argued that the tightness of links to the ethnic community decreases

over time (for example, if previous migrants assimilate into the host country

culture), these established members are likely to be the most helpful for newly

arrived migrants. Third, because the network variable includes only those who

migrated before 1998, the network size is not a�ected by those who migrated

between 1998 and 2007 for which we model the location decision.

But using the stock of previous migrants from the same country of birth

ignores the enormous heterogeneity between the size of ethnic networks in Eu-

rope: for example, while (according to the EU-LFS �gures for 2007) around

1.17 Mio. Moroccans and around 1.13 Mio. Algerians have been living in the 13

countries considered for at least 10 years (most of them in France), the median

number of migrants from the same country of birth who have been living in the

13 countries considered in 2007 is only around 21,000. Therefore, a regional
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network consisting of (for example) 10,000 previous migrants may be very im-

portant for new migrants coming from a small ethnic group, while it may be

relatively irrelevant for someone coming from a very large ethnic group.

Because it is likely that this heterogeneity and the presence of very large

ethnic networks a�ects our empirical results, we normalize the number of pre-

vious migrants by dividing it by the total number of previous migrants from

the same ethnic group. Although it can be argued that positive network e�ects

depend on the absolute size of the ethnic network rather than on the relative

size, the basic e�ects accredited to the absolute network size also apply to the

relative network size: the larger the network (in absolute or relative terms),

the more positive externalities are produced for newly arrived migrants. For

example, if the provision of ethnic goods depends on the absolute network size,

a larger absolute network will produce more ethnic goods compared to other

regions with smaller network. But the same applies to a larger relative network:

the larger the relative network size in a region, the more ethnic goods will be

produced in this region compared to other regions with smaller networks. In

both cases, the larger (absolute and relative) network size will make the region

more attractive. Furthermore, from the view of a single migrant (which is the

focus of our analysis) it is irrelevant whether she compares the absolute or rel-

ative network sizes across regions, because she only considers her own ethnic

network and the network size across all regions is normalized by the same value.

We therefore prefer the relative network size over the absolute network size, but

will nevertheless use both de�nitions in the empirical analysis.7

To sum up, for a migrant of ethnic group j, the (relative and absolute) size

of the ethnic network size in a speci�c region s is de�ned as

Relative networkjs =
m10+

js

M10+
j

· 100 or Absolute networkjs = m10+
js

where m10+
js is the number of migrants of ethnic group j who have been living

in region s for more than 10 years and M10+
j is the total number of migrants of

ethnic group j in all of the 13 EU countries considered. Because the marginal

utility of networks can decrease with network size (see section 2) the squared

network size is also included in Xkr.

As outlined in the introduction, the positive e�ect of ethnic networks does

not necessarily end at the region's border. E. g., ethnic goods can also be con-

sumed by individuals living in neighboring regions, or migrants could live in one

region and commute to work in a neighboring region where the ethnic network

will help them �nd employment. If there are spatial spillovers, the individual

not only considers the size of the local ethnic network, but also the size of the
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ethnic network in neighboring regions. We therefore include the sum of the

networks in neighboring regions as an additional variable in the regression:

Relative networkN1
js =

∑Ns
1

ns
1=1 m

10+
jns

1

M10+
j

·100 or Absolute networkN1
js =

Ns
1∑

ns
1=1

m10+
jns

1

with Ns
1 ⊂ R the set of regions sharing a border with region s. Furthermore, we

also include the sum of the networks in second neighbor regions Ns
2 (Ns

2 ⊂ R,

{s,Ns
1} ∩Ns

2 = ∅):

Relative networkN2
js =

∑Ns
2

ns
2=1 m

10+
jns

2

M10+
j

·100 or Absolute networkN2
js =

Ns
2∑

ns
2=1

m10+
jns

2

To the authors' best knowledge this is the �rst article to date which explic-

itly incorporates this form of spatial heterogeneity8 in the context of migrant's

location choice.9

If there are ethnic goods with strong economies of scale in production the

size of the ethnic network in the rest of the host country can also a�ect the

location decision. We therefore also include the sum of the ethnic networks in

the rest of the host country (Ns
C ⊂ R, {s,Ns

1 , N
s
2} ∩Ns

C = ∅):

Relative networkNC
js =

∑Ns
C

lsC=1 m
10+
jlsC

M10+
j

·100 or Absolute networkNC
js =

Ns
C∑

lsC=1

m10+
jlsC

For networks in neighboring regions we di�erentiate between neighboring

regions in the same country and neighboring regions in other countries. Neigh-

boring countries in other countries are included in the alternative sets N ′s
1 (�rst

neighbors) and N ′s
2 (second neighbors).

A priori it can be expected that networks in neighboring regions of other

countries a�ect the location choice of migrants to a lesser extent, if at all. Mi-

grants of the same ethnicity living in neighboring countries will not be able to

help with immigration issues and bureaucratic structures because of national

di�erences in migration regimes and procedures. Furthermore, labor and hous-

ing markets in di�erent countries are subject to di�erent laws, making positive

network externalities rather unlikely. National borders will, however, play a

lesser role for the consumption of ethnic goods because there are no restric-

tions on trade and cross-border mobility among EU countries. If signi�cant, the

coe�cients can, in comparison with their within-country counterparts, provide

information about border e�ects in network externalities.

[Table 1 about here.]

8



Summary statistics of network size (in 1,000 migrants) are displayed in ta-

ble 1. The average relative network size is 6.7 % of all migrants of the same

ethnicity10 and the average absolute network consists of about 14,300 individ-

uals. Algerians in the Île de France region (which includes the French capital,

Paris) constitute the largest absolute ethnic network: 266,000 Algerians had

been living in the Île de France for at least 10 years in 2007. Across all ethnic

groups, an average of 17,000 individuals from the same country of birth are

living in surrounding regions.

Other explanatory variables

Our choice of other explanatory variables included in Xkr follows other studies

on this topic (see Bartel, 1989; Grogger and Hanson, 2011; or Davies et al.,

2001). Two types of variables will be added to the regression: variables which

are speci�c to the region or country of residence, as well as variables which are

speci�c to a given pair of sending and receiving countries. As will become obvi-

ous from the discussion in section 3, variables speci�c to the sending countries

(including sending country �xed e�ects) cannot be considered in the regressions

because they do not vary over alternatives. The same holds true for individual

characteristics like age or gender.

Among the region speci�c Xkr attributes is the area of a region (measured in

1,000 km2): if there is a completely even distribution of migrants across space,

larger regions will have more migrants than smaller regions. We also control for

the population (in 100,000): if urban regions are more attractive, regions with

a larger population should (after controlling for region size) attract a higher

share of migrants. To control for di�erences in economic opportunities, we in-

clude the unemployment rate (in percent) as well as the average annual income

per employee (in e 1,000). Data on population and unemployment (in 2006)

as well as average annual income (in 2004) are taken from Eurostat. Regional

unemployment rates ranged from 2.3 to 20.2 % in 2006 with an average unem-

ployment rate of 7.3 % (see table 2). The average annual income per employed

person was e 27,300, and ranged from e 10,600 (�Centro� region, Portugal) to

e 100,000 (Inner London, UK). We expect a negative e�ect of the unemploy-

ment rate and a positive e�ect of average annual income on the probability of

choosing a speci�c region. We also include a dummy variable for regions in

which the capital of a country is located. Capitals can be expected to receive a

ceteris paribus higher share of migrants because they are the cultural, political

and administrative centers of the respective countries.
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To control for national di�erences in laws regarding immigration, labor mar-

ket access as well as other receiving country-�xed e�ects, dummies for the re-

ceiving countries are included (see also Davies et al., 2001).

[Table 2 about here.]

Among the country-pair speci�cXkr attributes we include a dummy variable

for linguistic closeness taken from CEPII which measures whether a migrant's

home and host country share an o�cial language (= 1, zero otherwise). A

common language not only reduces the costs of migration considerably (see

Pedersen et al., 2008), but it can also raise the returns-to-skill in the host country

(Grogger and Hanson, 2011). We also include a neighborship dummy which is

1 if the host and home countries share a common border, and zero otherwise.

Again, a positive e�ect can be expected because a common border facilitates

not only legal, but also illegal immigration and can thus lead to ceteris paribus

higher migration. (Former) colonial ties between two countries can also a�ect

the location choice of migrants. Data on colonial relationships are also taken

from CEPII and we include a dummy variable capturing whether two countries

were in a colonial relationship after 1945 (= 1, zero otherwise). To proxy for the

costs of migration (or the costs of visiting relatives at home), the distance (in

1,000 km, as the crow �ies) between the capital of the sending country and the

geographical center of the region of residence is also included, as is the squared

distance. We expect a negative (but possibly decreasing) e�ect of distance.

Representative utility Vkr is thus a linear function of receiving region speci�c

variables (ethnic networks, area, population, average income, unemployment,

capital city), receiving country speci�c variables (country dummies) as well

as country-pair speci�c variables (common o�cial language, common border,

colonial ties after 1945, distance) which are assumed to determine the location

choice of migrants.

Econometric method

Assuming that the random utility term εkr in equation (1) is i.i.d. extreme value,

the probability that individual k chooses location s, Pks, could be estimated by

a conditional logit (CL) model (McFadden, 1974):11

(2) Pks =
exp (β′Xks)∑R
r=1 exp (β

′Xkr)

One feature of this approach is that all variables which do not vary across al-

ternatives (such as individual or sending country characteristics) are cancelled

out in the CL formula (2). This not only allows the estimation without source
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country data, which seriously reduces the amount of data required and allows

the analysis of location choice based on receiving region characteristics alone

(cf. Ortega and Peri, 2009), but�more importantly�also controls for any un-

observable individual or sending country characteristics which could otherwise

lead to omitted variable bias in a cross-sectional setting.

As is well known, in the conditional logit model the odds ratio between

two alternatives s and t depends only on the characteristics of s and t and not

on the availability or characteristics of other alternatives, a property known as

�independence from irrelevant alternatives� (IIA):

(3)
Pks

Pkt
=

exp (β′Xks)/
∑R

r=1 exp (β
′Xkr)

exp (β′Xkt)/
∑R

r=1 exp (β
′Xkr)

=
exp (β′Xks)

exp (β′Xkt)

However, if ethnic networks in neighboring regions matter, the probability of

choosing region s no longer depends on the characteristics of s alone, but also on

the characteristics of the neighboring regions R(s) = {Ns
1 , N

s
2 , N

s
C , N

′s
1, N

′s
2}.

Similarly, the probability of choosing region t depends on the attributes of t's

neighbors R(t) = {N t
1, N

t
2, N

t
C , N

′t
1, N

′t
2}. The odds between s and t are then

given by:
Pks

Pkt
=

exp
(
β′
1Xks + β′

2XkR(s)

)
exp

(
β′
1Xkt + β′

2XkR(t)

)
which violates the IIA property: the ratio of the probabilities no longer depends

on the characteristics of s and t alone, but also on the characteristics of the

regions in R(s) and R(t).12

This calls for a model which does not exhibit the IIA property. Probably

the most �exible model is the random parameters logit (RPL, see McFadden

and Train, 2000; Hensher and Greene, 2003; Train, 2009, for an overview).13

Although the random parameters logit framework goes back to the early 1980's

(among the �rst applications are Boyd and Mellman, 1980, and Cardell and

Dunbar, 1980) and recent advances in simulation techniques (foremost, the use

of Halton draws, see below) and computing power have made its estimation

more practicable, applications of the random parameters logit model are still

scarce in migration research (one notable exception is the paper by Gottlieb and

Joseph, 2006).

The random parameters model can be derived from utility-maximizing be-

havior by allowing the parameters of the characteristicsXkr in the representative

utility function to vary over individuals:14

Ukr = β′
kXkr + εkr
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In this utility function, βk is a vector of coe�cients for individual k representing

k's preferences. The utility function is thus heterogeneous across individuals,

and the coe�cient of a regional characteristic can not only have a di�erent

magnitude for di�erent individuals, but also a di�erent sign. The coe�cients in

βk are assumed to vary over decision makers with density f(β|θ), where θ are

the parameters describing the density of β. As in the conditional logit model,

εkr is assumed to be i.i.d. and follow an extreme value distribution. If the βk's

were known, the probability of choosing a speci�c region s would be given by:

(4) Lks(βk) =
exp (β′

kXks)∑R
r=1 exp (β

′
kXkr)

As is obvious from equation (4), the RPL model shares the advantages of the

CL model: all variables which do not vary across alternatives are cancelled

out which controls for both observable and unobservable individual and source

country characteristics even in a cross-section. In addition, it does not impose

the IIA property (which would lead to inconsistent estimates if violated) and

thereby allows for unrestricted substitution patterns between alternatives, and it

allows for heterogeneity in the e�ects of explanatory variables on the probability

of choosing a speci�c region.

Because the βk's are unobserved the probability of choosing s is the integral

of (4) over all possible values of βk (Train, 2009, p. 138):

(5) Pks =

∫ (
exp (β′

kXks)∑R
r=1 exp (β

′
kXkr)

)
f(β|θ)dβ

Because the integral in (5) does not have a closed form solution, it must be

approximated through simulation. Simulation is based on drawing a value of

β from f(β|θ) and using this draw to calculate the logit probability in (4).

This step is repeated many times, and the average computed value of Lks(βk)

gives the simulated probability P̌ks which can be inserted into the simulated log

likelihood

(6) SLL(θ) =

K∑
k=1

R∑
s=1

yks ln P̌ks

The maximum simulated likelihood estimator is the value of θ that maximizes

the simulated log likelihood (see Train, 2009, 144) and can be estimated for

example in the STATA statistics package using the estimator by Hole (2007).

The mixing distribution f(β|θ) describes the distribution of a parameter β

in the population. If the parameters are assumed to be normally distributed,

the estimated θs are the mean and standard deviation of a normal distribution.
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In the econometric model we follow Gottlieb and Joseph (2006) by specifying

some coe�cients as �xed and the rest as normally distributed.15 A �xed param-

eter is essentially a normally distributed parameter whose standard deviation is

restricted to zero (Hensher and Greene, 2003), and for which only a mean will

be estimated. We assume the coe�cient of area (in 1,000 km2) to be �xed and

the same for all individuals: if migrants were evenly distributed across space,

larger regions would have a ceteris paribus higher probability of being chosen,

independent of individual tastes. The country-speci�c dummy variables are also

treated as being �xed.16 All other coe�cients are unrestricted and assumed to

be normally distributed.17 The estimated parameters θ for these coe�cients are

thus the mean and standard deviation of a normal distribution. This allows us

to calculate the area of the density function f(β|θ) which is below and above

zero. As mentioned above, in the random parameters logit a coe�cient is not

necessarily positive or negative for all individuals. If part of the area of f(β|θ)
is below zero, a variable constitutes an attractor for some, and a repellent for

other individuals.

Our simulation uses quasi-random Halton sequences (Halton, 1960), which

is considered more e�ective than simulation based on random draws (see Bhat,

2001; Train, 1999, 2009; Hensher, 2001). Although there is no general agreement

on the number of Halton draws to be used to achieve stable parameters, Hensher

and Greene (2003, p. 154) note that models with a small number of alternatives

and random variables can �produce stability with as low as 25� Halton draws per

observation, and that �100 appears to be a `good' number�. Train (2009, p. 230)

notes that �[. . . ] a researcher can expect to be closer to the expected values of

the estimates using 100 Halton draws than 1000 random draws�. However, the

number of required draws will be higher the more complex the model (Hensher

and Greene, 2003, p. 154), so that these results cannot be generalized. We use

500 Halton draws for the simulation of the random parameters logit model.18

4 ESTIMATION RESULTS

Relative network size

Table 3 shows the results of the random parameters logit regression estimating

the location choice of migrants who moved to the 13 host countries considered

between 1998 and 2007 using our preferred measure of relative network size.

In addition to the estimated random parameters' mean and standard deviation

(which de�ne the distribution of the coe�cients in the population), table 3

shows the proportion of the parameters' distribution which is above zero. This

gives us the percentage of the population for which the parameter is positive.
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The �fth column gives the exponentiated means of the random parameters,

which can be interpreted as mean odds ratios. Finally, the last two columns

give the coe�cients and odds ratios of a conditional logit regression. Although

the conditional logit's IIA assumption is violated if our hypothesis of spatial

spillovers in network e�ects is correct, the conditional logit can still serve as

an approximation to a model which relaxes this assumption (cf. Dahlberg and

Eklöf, 2003). Due to lack of space, the estimated receiving country �xed e�ects

are reported in table A1 in the appendix.19

[Table 3 about here.]

The results of the random parameters logit support our hypotheses: not only

does a larger ethnic network attract more migrants to a region, the estimated

probability of choosing a speci�c region also increases with ethnic networks in

neighboring regions. All else equal, at the mean parameter value the odds of

choosing a region are 45.6 % larger if the total share of individuals from the same

ethnic background in the region increases by 1 percentage point (p. p.). The

e�ect of the ethnic networks is, however, decreasing in network size, as indicated

by the negative coe�cient of the squared network variable. Furthermore, at the

mean parameter value the odds ratio is 5.3 % larger if the ethnic network in

neighboring regions increases by 1 p. p., and even a 1 p. p. increase in the ethnic

network of second neighbors is still associated with 3.7 % increase in the relative

odds at the mean parameter. Networks in the rest of the country also play a

role for the location decision, but the e�ect is rather small. Ethnic networks in

neighboring regions of other countries also a�ect the location decision positively,

but the estimated coe�cients are smaller than for within-country neighbors,

which points to substantial border e�ects in the in�uence of ethnic networks.

The positive e�ects of ethnic networks thus extend beyond regional borders,

although the coe�cients of networks in neighboring regions are considerably

smaller than the coe�cient for the network in the region of residence. This does

not mean, however, that they should be excluded from the analysis: excluding

the spatially lagged network size variables increases the (mean of the) coe�cient

of the local network variable from 0.376 to 0.651 and reduces the coe�cient of

the squared network variable from −0.017 to −0.044.20 This indicates that

there would be an omitted variable bias if the spatially lagged network variables

are ignored, which would lead to an overestimation of the e�ect of local ethnic

networks.

As mentioned above, the RPL model estimates both the mean and the stan-

dard deviation of our random parameters. Despite most estimated standard

deviations being rather small, table 3 shows that they are statistically signi�-

cant, so that there is at least some degree of heterogeneity between individuals.
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Nonetheless, ethnic networks are an attractor for all individuals: 100 % of the

normal distributions of most network coe�cients are above zero. The only ex-

ception are the coe�cient of the size of the ethnic network in the rest of the

country, which is negative for about 23.1 %, and the parameter of network size

in second neighbors of another country, which is negative for a small proportion

of migrants. In addition, for about 10.2 % of migrants the coe�cient of the

squared network term is positive, indicating that the utility of these individuals

increases exponentially with ethnic network size.

Concerning the other variables, the RPL regression shows that migrants ce-

teris paribus prefer regions with more inhabitants, lower unemployment rates

and higher average income, as expected. The e�ect of regional size is negative:

after controlling for population size, migrants prefer smaller regions, which im-

plies that (urban) regions with a higher population density are more attractive

for migrants, for example because thick labor markets in urban areas make it

easier for them to �nd employment (Moretti, 2010). The combined e�ect of

population and area size can also account for the result that regions with capi-

tal cities exert a positive in�uence on the location decision of only about 30.0 %

of all migrants: ceteris paribus, capital cities are not necessarily more attractive

for the majority of newly arriving migrants when compared to regions of the

same size and population.

As expected, distance�our proxy for the costs of migration�has a negative,

but decreasing e�ect on the location decision. A common o�cial language in-

creases the odds of choosing a speci�c region, but only for about three quarters

(75.4 %) of the migrants. In contrast to results found by previous research (see,

for example, Ortega and Peri, 2009; Grogger and Hanson, 2011), a past colonial

relationship between the sending and receiving countries is an attractor for only

about 11.0 % of the migrants. One explanation for this �nding is that a common

colonial history is highly correlated with having a common o�cial language, so

that most of the e�ect of a shared history are already captured by the common

o�cial language dummy.

Comparing the results of the random parameters to the conditional logit

regression shows that the di�erences between the mean RPL estimates and the

conditional logit are quite substantial for some coe�cients, especially those of

the network size variable and parameters with a high degree of heterogeneity in

the population (such as the capital, common border, and colonial relationship

dummies). The evidence provided in this paper does thus not lend support to the

hypothesis that a CL model can be used as an approximation to the RPL model

which relaxes the IIA assumption, but rather shows that imposing a conditional

logit (which implies �xed coe�cients) on a empirical model characterized by a

high degree of heterogeneity in the coe�cients can lead to a severe bias. For

15



example, the odds ratio of the capital dummy variable is considerably smaller

in the RPL than in the CL regression. In another example, a common border

has a positive e�ect on the location decision in the CL model, while the mean

RPL estimate is negative: only 46.1 % prefer regions in neighboring countries.

As is well known, the ratio of two parameters in a logit model can be used

to calculate the trade-o� between two variables x1kr and x2kr (see Davies et al.,

2001; Train, 2009). Setting the total derivative of the logit probability to zero

and solving for the change in x1kr that keeps the probability of choosing region

r constant following a change in x2kr yields:

(7)
dx1kr

dx2kr

∣∣∣∣
dPkr=0

= −β2kPkr(1− Pkr)

β1kPkr(1− Pkr)
= −β2k

β1k

Using a cost or income measure as x1kr this trade-o� can be interpreted as

the willingness-to-pay or compensating variation (CV, see Dahlberg and Eklöf,

2003; Sillano and Ortúzar, 2005): if x1kr is income, ratio (7) gives the amount

of money which would compensate an individual for a increase in x2kr by one

unit. If both parameters are positive, the compensation for an increase in x2kr

is negative, as expected.

Ratio (7) can be used to calculate the amount of income which would com-

pensate an individual for moving to a region with a smaller ethnic network or,

equivalently, the amount of income the individual would be willing to forego in

order to live in a region with a larger ethnic network. Because the parameters

in the RPL are random variables which vary across the population with density

f(β|θ) we follow Sillano and Ortúzar (2005) and calculate the compensating vari-

ation from the individual-level parameters derived from the simulation model

(see Train, 2009). Migrant k's compensating variation for a change in the size

of the ethnic network can then be calculated as

CVk(Networkjs) = −γ1k + 2γ2kNetworkjs
µk

where γ1k is individual k's coe�cient of the network variable, γ2k her coe�cient

of the squared network variable and µk her coe�cient of the average income

variable. The compensating variation therefore depends on the size of the net-

work, and will decrease with network size if the squared network parameter is

negative (as is the case for about 90 % in our sample, see table 3).

Table 4 shows the compensating variation calculated from individual level

parameters at di�erent network sizes as well as the calculated compensating

variation for ethnic networks in neighboring regions and the rest of the coun-

try. They give the amount of annual income an individual would require as

compensation for moving to a region where the ethnic network is 1 p. p. smaller.
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[Table 4 about here.]

The calculation based on individual level parameters reveals a sizable com-

pensating variation at small network sizes: the amount of potential earnings

which would compensate an individual for a 1 p. p. lower network size is, on

average, about e 21,600 at a network size of 1 %. Thus, when choosing between

two otherwise equivalent regions where one region has a network size of 1 % and

the other a network size of 0 %, the probability of moving to these regions would

only be equal to the individual if the expected annual income in the region with-

out an ethnic network is e 21,600 higher than the expected income in the other

region. This is only slightly lower than the mean average annual income per em-

ployee of e 27,300 (see table 2). While such a large willingness to pay would be

unrealistic, this underlines the �nding that regions without networks are highly

unattractive, and that ethnic networks are so important that regions without

an ethnic network must provide considerably better income opportunities to be

considered equally attractive.

As the network size increases, the compensating variation decreases con-

siderably, which corresponds to the �ndings of Gonzalez (1998). At the same

time, the standard deviation of the CV estimates increases with network size,

which re�ects the considerable heterogeneity in the individual squared network

parameters. At a network size of 5 % the compensating variation drops to

about e 13,000 on average, and to about e 2,300 at a network size of 10 %. At

the mean network size of 6.65 % the average compensating variation is about

e 9,500. The distribution of the compensating variation at the mean network

size is depicted in �gure 1.

[Figure 1 about here.]

Table 4 also shows that the compensating variation for (the sum of) the

network sizes of neighboring regions is considerably smaller than the CV for the

network within a region. Furthermore, the compensating variation decreases

with distance, and there is a sizable di�erence between the CV for networks in

neighboring regions compared to regions in the rest of the country. In addition,

there is also a border e�ect: the compensating variation for networks in neigh-

boring regions of the same country is about e 3,200, while it is only e 2,300 for

neighboring regions in another country. The same pattern holds for networks in

second neighbor regions. These results show that the importance of networks

decreases with distance to the region of residence, and that there are sizable

border e�ects in the spatial spillovers of ethnic networks.
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Absolute network size

As outlined in section 3, we prefer the relative network de�nition as measure for

the size of an ethnic network. Nevertheless, we also estimated the model using

absolute network size (see table 5). The main results of section 4 are unaltered

by this change in the de�nition of the network variable: ethnic networks both

in the same region as well as in neighboring regions (both within the country

and across borders) signi�cantly a�ect the location choice of migrants.

[Table 5 about here.]

The odds of choosing a region are 33.2 % larger if the local ethnic network

increases by 1,000 individuals, and the e�ect of network size is again positive for

all migrants. This also holds true for the e�ects of networks in neighboring re-

gions which are, however, of limited importance in this speci�cation: increasing

the network size in a neighboring region by 1,000 individuals increases the odds

of choosing a region by only 0.2 %. Networks in the rest of the country also play

a role for the location decision, the e�ect is, however, again rather small and

even negative for about 63 % of all migrants. Compared to the estimation re-

sults of table 3 the proportion of individuals for which this coe�cient is positive

decreases by about 40 p. p. in reaction to the change in network de�nition.

Compared to the regression using relative network size (table 3), networks

in neighboring regions and the rest of the country are thus of lesser importance

(relative to the e�ect of the network in the region of residence) if absolute

network size is used. This could imply that networks in neighboring regions are

more important for small ethnic groups, while for members of ethnic groups with

a high number of previous migrants (which are likely to dominate the results in

table 5) networks in neighboring regions are of lesser importance.

Again, ethnic networks in neighboring regions of other countries a�ect the

location decision positively. In contrast to the relative network size regression

(table 3), the estimated coe�cients are slightly larger than for within-country

neighbors, but the absolute network size estimation shows a higher degree of

heterogeneity in these parameters. Again, the empirical model shows evidence

in support of the optimal network size hypothesis because of the negative pa-

rameter of the squared local network.

A direct comparison of the random parameters and conditional logit regres-

sions again shows that imposing �xed parameters on the empirical model would

lead to severely biased coe�cients, especially for parameters with a high degree

of heterogeneity, such as the capital, common border, and colony dummies, but

also in the absolute network size variable.

As before, we can use the parameters estimated to derive a measure for the

amount of income that would compensate migrants for a decrease in the eth-
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nic network. At the average absolute network size of about 14.300 migrants

(see table 1) the compensating variation for a decrease in the ethnic network in

the same region of 1,000 individuals is about e7,700. Again, this sizable com-

pensating variation shows that networks are very important for newly arrived

migrants, so that they are willing to forego a sizable part of potential income in

order to live in a region where the ethnic network is larger.

5 ROBUSTNESS

Alternative de�nition of neighboring regions

In the previous regressions, the spatial structure of ethnic networks was cap-

tured by summing up the network size in neighboring NUTS-2 regions. This

ignores that the size of NUTS-2 regions di�ers across countries. Although the

�Nomenclature des Unités Territoriales Statistiques� (NUTS) should ensure at

least some comparability across regions in the European Union, NUTS-2 regions

across Europe are quite heterogeneous. While continental France is more than

1.5 times the size of Germany, there are 39 German and only 22 (continental)

French NUTS-2 regions. In another example, while the Region Övre Norrland

(NUTS-2 code: SE33) had an area of about 165,300 km2 and about 3.3 inhabi-

tants per km2 in 2007, the region Bruxelles-Capitale (NUTS-2 code: BE10) had

161 km2 and about 6,500 inhabitants per km2 (in 2007) according to Eurostat

data. This of course implies that the availability of networks in neighboring

regions may di�er with region size.

To test whether this is the case we restrict the set of neighboring regions to

include only regions whose geographical center is within a radius ρ of 0�100 or

101�200 kilometers (as the crow �ies) from the geographical center of the region

of residence. The networks in all other regions (outside the 200 kilometer radius)

are included as an additional regressor. As shown by the summary statistics in

table 6, on average 4.0 % of an ethnic network (outside the region of residence)

can be found within a 100 kilometer radius. The average number of those living

in regions within 101�200 kilometers is about 5.1 %. As before, we di�erentiate

between ethnic networks within the host country and networks in neighboring

countries. Networks in neighboring regions of other countries are considered

only when they are within a radius ρ′ of 0�100 and 101-200 kilometers. As

before, the size of the local ethnic network in the region of residence as well as

its squared value are included, so that the regression parameters can be directly

compared with the results in table 3.

[Table 6 about here.]
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Despite the change in the de�nition of neighboring regions, the main con-

clusions are unaltered (see table 7): even if networks in neighboring regions are

considered only if they are within a given distance to the region of residence,

they still a�ect location choice positively for all migrants. Networks within a

100 kilometer radius exert a larger in�uence than networks within a 200 kilome-

ter radius or networks in the rest of the country, so that the e�ect of networks

decreases with distance from the region of residence. Again, the largest e�ect

can be found for ethnic networks in the migrants' region of residence. As before,

this e�ect is decreasing in network size for most migrants, and only for 10 %

the squared network variable has a positive coe�cient. The estimated network

parameter is slightly larger in this regression, but close to the original parameter

of table 3.

[Table 7 about here.]

In contrast to the previous regressions, networks in neighboring regions of

other countries within a 100 kilometer radius a�ect location choice negatively for

84 % of all migrants. Networks in regions of other countries within in a 100�200

kilometer radius again exert a positive in�uence on the probability of choosing

a speci�c region. This can be explained by the di�erences in coverage between

the two de�nitions: on average, each region shares a border with 0.53 regions

in other countries, but only 0.29 regions in other countries are (on average)

within a 100 kilometer radius.21 Overall, there are only 21 regions where the

closest region in another country is less than 100 kilometers away and actually

hosts a network. The majority of these regions (16) are in Belgium and the

Netherlands, and it is therefore likely that the di�erence to the main regression

arises from the speci�cs of these countries or the ethnic groups living in these

countries.

Migrants and refugees

Because we cannot distinguish between migrants and refugees in the EU-LFS

data, our results might partly be driven by the di�erences in the location de-

cisions of these groups. For example, in some European countries (especially

Sweden, Denmark and the Netherlands) spatial dispersion policies are or have

been in place which restrict(ed) the freedom of movement of refugees. Therefore,

we also test the robustness of our results by estimating the model on subsets of

origin countries de�ned by the level of development. We assume that individuals

born in countries with low levels of development are more likely to be refugees

who cannot freely choose their residence location.Migrants from these countries

are therefore excluded from the regression.
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We use the United Nation's Human Development Index (HDI) to de�ne the

sending country's level of development.22 The HDI ranges between zero and

one, and countries are classi�ed into one of the following four categories: very

high human develoment (0.9 ≤ HDI ≤ 1), high human development (0.8 ≤
HDI < 0.9), medium human development (0.5 ≤ HDI < 0.8) and low human

development (0 ≤ HDI < 0.5).

[Table 8 about here.]

To distinguish refugees from migrants, we estimate the model only for indi-

viduals born in countries with at least medium human development. The results

in table 8 show that excluding those most likely to be refugees increases the size

of the estimated parameter for local networks only slightly from 0.376 to 0.427.

At the mean estimated parameter value, the odds of moving to a region are

53.3 % higher if the size of the ethnic network increases by 1 p. p. if refugees

are excluded, an increase of 7.7 p. p. compared to the regression for all coun-

tries (table 3). The other estimated parameters are hardly a�ected by excluding

refugees. Therefore, the main conclusions of our preferred speci�cation remain

intact.

Educational and retiree migration

Finally, to focus speci�cally on the e�ects of networks on labor migration the

model was also estimated on a restricted sample including only migrants between

25 and 54 years of age. Both the location choice of younger migrants as well as

the location choice of older migrants may be driven by characteristics not related

to the labor market. For example, younger individuals moving abroad to study

will choose their location based on education opportunities, and not based on

regional labor market characteristics. The location choice of retired individuals,

on the other hand, may be driven by factors such as climatic conditions, as

evidenced not only by retiree migration to Florida but also by international

retiree migration to mediterranean countries in Europe (see Warnes, 2009, for

a recent review).23

[Table 9 about here.]

The regression on the restricted sample shows that the main conclusions of

our analysis are practically unchanged (table 9). As before, both local ethnic

networks as well as ethnic networks in neighboring regions have a signi�cantly

positive e�ect on the location choice of working-age migrants to Europe. Fur-

thermore, quantitative di�erences between the estimated parameters are rather

small, supporting the results of our main speci�cation (see table 3).24
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6 CONCLUSIONS

This paper analyzed the e�ect of the spatial structure of ethnic networks on the

location decision of migrants who moved to the EU between 1998 and 2007. We

used a random parameters logit speci�cation which not only allows for hetero-

geneity in utility functions but also controls for both observable and unobserv-

able individual and sending country characteristics in a cross-sectional setting.

The regressions show a substantially positive e�ect of ethnic networks on

the location decision of migrants, providing strong evidence for ethnic cluster-

ing of migrants among European regions. The estimated model also reveals

substantial variations in taste across individuals. The e�ect of ethnic networks

in the same region is, however, always positive for all individuals. We also

�nd evidence of spatial spillovers in the e�ect of ethnic networks: networks in

neighboring regions (both in the same country as well as across the border) and

networks in the rest of the country signi�cantly help to explain migrants' choice

of target regions. The spatial structure of ethnic migration thus matters for

the location decision, and the positive e�ects of ethnic networks extend beyond

regional and national borders. Additional estimations using di�erent network

and neighborhood de�nitions as well as regressions on subsamples of the data

con�rm the robustness of our �ndings.

The empirical evidence of spatial spillovers violates the IIA assumption,

rendering the more conventional conditional logit model invalid. This makes

random parameters logit, which is robust to IIA violations, the appropriate

model for estimating location choice at the individual level when the charac-

teristics of neighboring regions a�ect the location decision. Furthermore, the

signi�cant standard deviations in the random parameters logit show that the

limitations imposed by conditional logit on the individual parameters are too

strict. We therefore conclude that the random parameters logit is superior to

the conditional logit in the analysis of the location decision of migrants and that

there are considerable di�erences between conditional and random parameters

estimates if there is a high degree of heterogeneity in the population and if there

are spatial spillovers.

Comparing the e�ect of networks to the e�ect of potential income di�er-

ences, we �nd that migrants would require a sizable compensating variation

for changes in the network size, especially for regions where only few previous

migrants from the same country of origin are located. At the mean network

size the average compensating variation for a 1 percentage point decrease in the

size of the ethnic network is about e 9,500. This shows that ethnic networks

play a very important role in the location decision and that regions without a

network are highly unattractive. This implies that migrants should be highly
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concentrated in speci�c regions with larger networks. But�as implied by the

negative sign of the parameter for squared network size�if networks become too

large, the attractiveness of a region will decline, lending support to the inversely

U-shaped e�ect of network size found by Bauer et al. (2007). There is, however,

a considerable heterogeneity in the compensating variation across individuals.

While networks in neighboring regions matter for the location decision,

the compensating variation for networks in neighboring regions is considerably

smaller than for networks in the region of residence. We also �nd a substan-

tial border e�ect for the e�ects of ethnic networks. Our results therefore show

that ethnic networks in neighboring regions matter, but that the importance of

networks decreases with distance to the region of residence, and that national

borders reduce the positive e�ect of ethnic networks in neighboring regions.

Our results point to a strong �lock-in e�ect� of the ethnic structure of migra-

tion, so that the current ethnic structure in part determines the future regional

pattern of migration. This implies that the heterogeneous use of restrictions on

the movement of labor among the EU-15 countries during the transitional period

can be expected also to have long-run e�ects on the patterns of migration from

the 8 member states which joined the EU in 2004. But regional concentrations

of migrants of the same ethnicity can be detrimental to integration measures

and foster the evolution of parallel societies. However, spatial dispersion policies

which aim at breaking up regional patterns of ethnic migration will lead to a

substantial welfare loss for migrants, which must be considered in the evaluation

of such policies.

There is, of course, scope for future extensions. First, there may be di�er-

ences according to education level of migrants. E. g., highly skilled migrants

may avoid regions with large concentrations of low-skill migrants of the same

ethnicity to escape statistical discrimination (cf. Stark, 1994), so that it would

be interesting to analyze the location patterns of migrants of di�erent skill lev-

els. Second, it could be interesting to analyze the substitution patterns between

regions based on the random parameters logit model. Analyzing these substitu-

tion patterns could, for example, shed light on the e�ects of changes in economic

conditions (or migration policy) in one country (or region) on migration to all

other countries (or regions) and thus provide an important tool to forecast fu-

ture migration patterns based on past migration. Third, although our empirical

results clearly show that there are spatial spillovers in the e�ects of ethnic net-

works, more research is still needed on how exactly the spatial structure of

ethnic networks works and how newly arriving migrants bene�t from networks

in neighboring regions.
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Notes

1As an alternative to network e�ects, Bauer et al. (2005) and Epstein (2010) argued that

herd behavior can constitute another explanation for the creation of ethnic clusters in spe-

ci�c regions. Herd behavior and network e�ects are�although conceptually di�erent�not

mutually exclusive: both e�ects can exist simultaneously and determine the location deci-

sions of migrants. The presence of network externalities in this context can even increase the

probability that herd behavior will be observed (Epstein, 2010).
2Edin et al. (2003) found empirical support for a positive e�ects of ethnic networks on

migrant earnings. In an analysis of Mexican migrants in the U. S., Munshi (2003) provides

evidence that networks not only increase the probability of employment, but also help to

channel network members into higher paying occupations. Bartel (1989, p. 388), on the other

hand, showed that clustering negatively in�uences the economic success of migrants. One

explanation for this is that migrant clusters are negatively correlated with foreign language

�uency (Lazear, 1999), which is in turn a prerequisite for entering the host country's labor

market (see also Bauer et al., 2005; Bisin et al., 2011). Gonzalez (1998) also found a negative

e�ect of enclave size and wages among Mexican migrants in the U. S. Damm (2009b) concludes

that the positive e�ects of ethnic networks more than outweigh the negative e�ects, and that

all things considered living in a region with a larger ethnic network has a positive e�ect on

wages.
3Local ethnic networks can, however, still grow beyond this optimal size if the region still

provides a higher utility compared to all other available regions, even if new migrants take

into account that their utility will decrease with every other migrant that follows (Heitmueller,

2006).
4Austria, Belgium, Denmark, Finland, France, Greece, Italy, Luxembourg, the Nether-

lands, Portugal, Spain, Sweden and the United Kingdom.
5Serbia, Montenegro and the Kosovo are considered a single source country because of data

restrictions. The choice of migrating vs. staying in the home country is not modeled.
6Overseas territories as well as the Spanish exclaves Ceuta and Melilla are not included

in R. The same holds true for the relatively remote Canary Islands and the Azores and

Madeira island regions. Åland (Finland) as well as the Highlands and Islands and North

Eastern Scotland regions in the U.K. must be excluded because of lacking data. Furthermore,

Denmark must be considered a single NUTS-2 region.
7We do not consider the proportion of migrants of the same ethnicity among the popula-

tion in a region, which could be used as yet an alternative de�nition. This proportion could

be interpreted as an indicator for the number of possible interactions with same-ethnicity

individuals in random encounters in the region (see, for example, Lazear, 1999). We believe

this measure to be of lesser importance to the decision maker, not only because regional mi-

grant networks tend to be spatially concentrated even within the region (e. g., ethnic enclaves

such as the Chinatowns in U. S. cities like San Francisco or New York or in European cities

like Liverpool and London are well de�ned within a few city blocks) which makes random

encounters less important, but also because it is unrelated to some of the positive network

e�ects mentioned in the literature (see section 2), for example the provision of ethnic goods.

We therefore rather include regional population among the regressors, see next section.
8Because the network includes only those who moved into the region more than 10 years

ago, the spatially lagged network is exogenous in the regression, and there is no spatially

contemporaneous dependence (i. e., spatial lags or spatial errors, see Anselin, 2006). Besides,

there are (to the best knowledge of the authors) no estimators allowing for contemporaneous

spatial dependence in the random parameters logit model (see section 3).
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9Although, for example, Patacchini and Zenou (2008) used networks in neighboring regions

as a proxy for weak ties when estimating the e�ect of networks on the employment probability.
10Note that if new migrants choose their region randomly (with the same probability for

each region) this �gure is expected to be as low as 0.6 %.
11See also Bartel (1989), Bauer et al. (2000, 2005, 2007), Gottlieb and Joseph (2006), Jaeger

(2007), Christiadi and Cushing (2008) or Grogger and Hanson (2011) for related applications

of the conditional logit.
12Including the network size of neighboring regions among the regressors is thus also a test

for IIA (see also Train, 2009, p. 49).
13A probably more common alternative model which relaxes the IIA assumption is the

nested logit model. However, while nested logit does not impose IIA between nests, alterna-

tives within a given nest are still assumed to exhibit independence from irrelevant alternatives.

The model is thus less �exible than the random parameters logit and therefore not considered.
14An alternative interpretation of the random parameters logit is based on the error compo-

nents creating correlations among utilities for di�erent alternatives, which is formally equiva-

lent to this interpretation, see Train (2009), p. 139f.
15Revelt and Train (1998) and Train (1999) cite Ruud (1996) showing that random param-

eters logit models have a tendency to be unstable when all coe�cients are treated as random.

Therefore, at least one coe�cient should be �xed.
16Although heterogeneity of tastes can be expected as regards to individual's preferences

for receiving countries, the maximum dimension of the Mata routine to generate the Halton

draws in the STATA statistics package (see Drukker and Gates, 2006) is 20, so that no more

than 20 unrestricted coe�cients in β can be estimated.
17Although sign restrictions could be imposed by specifying some of the coe�cients as being

lognormally distributed�for example, the coe�cient of income can be expected to be positive

for all individuals, although its magnitude may vary between decision makers�we specify

the random parameters to be normally distributed to make our model as �exible as possible.

Furthermore, lognormal distributions usually have a long right-hand tail, which might be

problematic in calculations of the willingness-to-pay or the compensating variation because it

often leads to unrealistic mean values (see Hensher and Greene, 2003, for a discussion). The

use of the log-normal distribution is also discouraged by Sillano and Ortúzar (2005).
18Halton sequences are usually de�ned in terms of a prime number. For the simulation of an

integral of dimension ι (where the dimension is equal to the number of random parameters),

the �rst ι prime numbers are conventionally used to create ι sequences (Cappellari and Jenkins,

2006). Because the initial elements of the sequences can be highly correlated across dimensions,

Train (2009, p. 227) recommends to discard at least the the �rst κ elements, where κ should

be as least as large as the ιth prime number. Because our model uses 16 random parameters,

the �rst 53 elements are dropped.
19As mentioned in the previous section, source country �xed e�ects cannot be estimated

because they cancel out in logit formula (4).
20The regression results are not reported but available from the authors upon request.
21These di�erences are also substantial within countries: While each region has on average

3.52 (�rst) neighbors within the same country, only 1.42 of these are within a 100 kilometer

radius, 1.30 are within 100�200 kilometers, and 0.80 are more than 200 kilometers away.
22The 2009 edition of the Human Development Report is used, which reports the HDI based

on 2007 �gures, see UNDP (2009) for details.
23The sample is restricted to migrants younger than 55 years of age because older cohorts

already contain a large number of retirees. According to 2006 data from the European Labour

Force Survey (Eurostat, 2008), the average age at which employed persons started receiving a

25



retirement pension in the 13 receiving countries considered ranged from 54.5 years in France

to 61.7 years in Denmark.
24If migration decisions are made at the household level, Mincer (1978) showed that women

are more likely to be �tied movers� while men more often are the �primary movers� of the

household. If this is the case or if female household members move later than male household

members (for example because family reunion in the host country is not possible immediately

after migration), some female migrant's location choice may depend on the choice made by

the husband and not on other factors such as ethnic networks, which may a�ect the estimated

parameters. But as shown by a regression on the restricted sample of male migrants aged

25 to 54 (see table A2 in the appendix) excluding females from the sample has only small

quantitative e�ects on most estimated parameters, so the main conclusions of section 4 remain

unchanged.
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Figure 1: Distribution of compensating variation for a 1 percentage point vari-
ation in ethnic network size (in e 1,000). Histogram and kernel density es-
timate. Calculated from individual level parameters at mean network size.
N = 8, 988, 710 observations. Source: European Labour Force Survey 2007.
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Variable Mean S.D. Min. Max.

Relative networkjs 6.650 10.276 0.000 100.000

Relative networkN1
js 7.449 9.841 0.000 100.000

Relative networkN2
js 9.571 11.220 0.000 100.000

Relative networkNC
js 14.442 17.334 0.000 100.000

Relative networkN
′
1

js 0.364 1.568 0.000 32.338

Relative networkN
′
2

js 1.310 3.570 0.000 51.233

Absolute networkjs (in 1,000) 14.323 34.175 0.000 265.987

Absolute networkN1
js (in 1,000) 16.964 39.340 0.000 463.514

Absolute networkN2
js (in 1,000) 22.496 49.831 0.000 652.008

Absolute networkNC
js (in 1,000) 35.114 79.183 0.000 857.423

Absolute networkN
′
1

js (in 1,000) 2.564 13.955 0.000 365.762

Absolute networkN
′
2

js (in 1,000) 8.085 31.300 0.000 411.412

Table 1: Summary statistics, network size variables. N = 8, 988, 710 observa-
tions. Source: European Labour Force Survey 2007. N1: set of neighboring
regions within the host country. N2: set of second neighbor regions within the
host country. NC : set of all other regions in the host country. N ′

1: set of neigh-
boring regions in other countries. N ′

2: set of second neighbor regions in other
countries.

32



Variable Mean S.D. Min. Max.
Population (in 100,000)† 1.544 1.449 0.107 9.027
Region size (in 1,000 km2)† 17.345 23.686 0.161 165.296
Unemployment rate (in %)† 7.290 3.743 2.286 20.186
Avg. income p. a. (in e 1,000)† 27.263 10.299 10.567 95.979
Capital (= 1)† 0.082 0.275 0.000 1.000
Distance (in 1,000 km) 4.697 3.641 0.055 18.981
Common border (= 1) 0.045 0.207 0.000 1.000
Common o�cial language (= 1) 0.375 0.484 0.000 1.000
Colony after 1945 (= 1) 0.140 0.347 0.000 1.000

Table 2: Summary statistics, region speci�c variables (†N = 158 observations)
and country-pair speci�c variables (N = 8, 988, 710 observations). Source: Eu-
rostat, CEPII.
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Variable Mean S.D. Min. Max.
CVk(Relative networkjs = 1) 21.612 0.982 19.734 24.290
CVk(Relative networkjs = 5) 13.010 4.809 4.564 26.170
CVk(Relative networkjs = 10) 2.257 9.594 -14.415 28.519
CVk(Relative networkjs = 15) -8.495 14.379 -33.394 30.868
CVk(Relative networkjs = 20) -19.248 19.164 -52.373 33.218
CVk(Relative networkjs = 25) -30.000 23.949 -71.352 35.567

CVk

(
Relative networkN1

js

)
3.245 0.005 3.184 3.285

CVk

(
Relative networkN2

js

)
2.286 0.026 2.128 2.463

CVk

(
Relative networkNC

js

)
1.558 0.677 -0.535 5.387

CVk

(
Relative network

N ′
1

js

)
2.182 0.009 2.124 2.244

CVk

(
Relative network

N ′
2

js

)
0.766 0.024 0.613 1.011

Table 4: Compensating variation (willingness to pay) for a 1 percentage point
change in network size (in e 1,000). N = 8, 988, 710 observations. Source:
European Labour Force Survey 2007.
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Variable Mean S.D. Min. Max.
Relative networkρ≤100

j 4.008 9.965 0.000 97.181
Relative network100<ρ≤200

j 5.106 9.777 0.000 100.000
Relative networkρ>200

j 21.953 21.113 0.000 100.000

Relative networkρ
′≤100

j 0.061 0.857 0.000 60.556

Relative network100<ρ′≤200
j 0.469 2.443 0.000 89.838

Table 6: Summary statistics, networks in neighboring regions de�ned by dis-
tance from region of residence. N = 8, 988, 710 observations. Source: European
Labour Force Survey 2007.
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