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Abstract
In this paper we analyzes the role of ethnic networks in the location decision of migrants to the EU-15 at the regional level. Using a random parameters logit specification we find a substantially positive but decreasing
effect of ethnic networks on the location decision of migrants, providing
strong evidence for ethnic clustering of migrants among European regions.
Furthermore, we find evidence of spatial spillovers in the effect of ethnic
networks: ethnic networks in neighboring regions significantly help to explain migrants’ choice of target regions. The positive effects of ethnic
networks thus also extends beyond regional and national borders. Analyzing the trade-off between potential income and network size, we find a
sizable willingness to pay for an increase in the ethnic network, especially
for regions where only few previous migrants from the same country of
origin are located. Furthermore, we find evidence for the hypothesis of an
optimal size for ethnic networks.
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Introduction

One of the most obvious facts about international migration movements is that
migrants tend to cluster in specific regions of the host countries. It does therefore not come as a surprise that the economic literature has identified several
hypotheses regarding migrant’s choice of target location within the receiving
country. Apart from some regions being “natural hubs” for migrants—cities
which act as “ports of entry” because of infrastructure endowments (like seaor airports) or administrative institutions (like central immigration offices)—,
migrant’s choice among regions in the target country can be explained by some
regions offering superior economic opportunities like higher wages or a higher
probability of finding employment.
This can, however, not fully account for the observation that migrants tend
to settle where other migrants from the same country of origin migrated before,
resulting in a geographic concentration of migrants with similar ethnicity in
specific 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; Chiswick
and Miller, 2005), identified the importance of ethnic networks for the location
decision of migrants (see Zavodny, 1999; Bauer et al., 2000; Gross and Schmitt,
2003; Åslund, 2005; Pedersen et al., 2008; Damm, 2009a), highlighted 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, most of the previous literature has focused only on local networks,
and has not considered the spatial structure of networks in and around a region.
But the positive effect of a network may not be limited to regional borders:
newly arriving migrants can also benefit 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 for migrants in a certain region if
the network size in adjacent regions and in other regions of this country is large
enough. Larger networks can thus also be associated with a higher variety of
ethnic goods.
We thus contribute to the existing literature by considering not only the
ethnic network in a region as a determinant of migrants’ location choice, but
also the size of the ethnic network in neighboring regions and other regions of
the same country. As in previous empirical studies on migrant’s location choice
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(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 Independence of Irrelevant Alternatives
property is violated, and the commonly used conditional logit model (McFadden,
1974) is no longer applicable. We therefore 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 regional ethnic network but also—albeit to a smaller extent—on the ethnic
network in adjacent regions and other regions of the same country. Ignoring the
effects of networks in neighboring regions would thus overestimate the effect of
network size in the host region and lead to biased results. Besides this, we find
the expected effects of economic attributes like region size or regional income
and unemployment on the location decision of migrants. Deriving the trade-off
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 be willing
to accept sizable decreases in income in exchange for an increase in the ethnic
network.

2

Literature review

One of the most frequently cited theories explaining ethnic migrant clusters 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 settlement process, decrease the
perceived alienation in the host country (Bauer et al., 2000) or provide financial
assistance (Munshi, 2003). Furthermore, networks can provide their members
with ethnic goods like food, clothing, social organizations, religious services,
media (like 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 background. This creates an
externality which provides incentives for other immigrants to settle in regions
where they can enjoy a larger supply of ethnic goods. 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 living (especially if ethnic
goods make up a large part of the consumption basket), which attracts more
3

immigrants to move into this region, even if they could earn a higher wage
somewhere else (Chiswick and Miller, 2005).1
Ethnic networks also provide information externalities: by being in contact
with previous migrants, new arrivals can benefit from a better availability of
information on the employment opportunities, which increases their chances in
the labor market (Gross and Schmitt, 2003). New arrivals can also benefit from
job referrals by more established members of the network (Munshi, 2003).2
Furthermore, if employers with migration background prefer to employ other
migrants of similar ethnic origin instead of natives (Andersson and Wadensjö,
2007), a separate migrant labor market can emerge which can even sustain a
higher wage than the larger “general” labor market (Gross and Schmitt, 2003).3
A variety of empirical studies in the literature support the network migration
hypothesis and find positive effects 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 flows to 22 OECD countries and find a robust and sizable effect of
ethnic networks on the volume of migration flows, and Geis et al. (2008), who
found networks to have a positive (but decreasing) effect 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 effects 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
effect on the location decision, there can also be negative effects on the util1 While this implies that networks will have a positive impact on imports (e. g., of ethnic
goods) from the source to the host country, there is empirical evidence that they have a
positive influence on exports to the source country as well (Co et al., 2004; Bandyopadhyay
et al., 2008).
2 This applies both to the “official” as well as in the informal labor market (AmuedoDorantes and de la Rica, 2005).
3 Edin et al. (2001) found empirical support for a positive effects 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 influences the economic success of migrants. One
explanation for this is that migrant clusters are negatively correlated with foreign language
fluency (Lazear, 1999), which is in turn a prerequisite for entering the host country’s labor
market (see also Bauer et al., 2005). Damm (2009b) concludes that the positive effects of
ethnic networks more than outweigh the negative effects, and that all things considered living
in a region with a larger ethnic network has a positive effect on wages.
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ity of both previous migrants (Heitmueller, 2006) and prospective new arrivals:
continuing migration reduces the income differentials between sending and receiving countries and the wages of migrant cohorts. A similar effect will arise if
housing prices increase following an influx of migrants into a region. This negative effect of decreasing wages and/or increasing housing prices will at some
point dominate the positive network externality effect, leading to a decline in
the attractiveness of a formerly popular ethnic cluster (Portnov, 1999). There
will thus be an optimal size of the regional network beyond which every new
migrant decreases the utility of previous migrants already living in the region.
If prospective emigrants take this into consideration when deciding where to
migrate to, an inversely U-shaped effect of network size on the probability of
moving to a specific region can arise (Bauer et al., 2002).4
As an alternative to network effects, Epstein (2002) and Bauer et al. (2005)
argued that herd behavior can constitute another explanation for the creation of
ethnic clusters in specific regions and can thus help explain the location choices
of migrants. According to the authors, herd migration occurs if there is imperfect information as to which among alternative target locations provides the
highest utility. If a potential migrant observes only the outcome of previous
migrants’ destination choices, but not the “signal” that determined their choice,
she might discount her private information about alternative target regions and
follow the flow of previous migrants in the belief that they must have had information which is not available to her.5
We contribute to the existing literature dealing with ethnic networks and
the location choice of migrants in various ways: First, we are to our knowledge
the first who analyze this question for European countries on the regional level,
while other studies deal with this 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). Second, we extend the existing empirical
literature as we model spatial spillover effects of ethnic clusters explicitly. Third,
4 Local 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 (Bauer
et al., 2002). Even if migrants already living in the region could theoretically provide no
more positive network effects (e. g., by withholding information or refusing to help with job or
residence search) it has been shown by Heitmueller (2006) that, in the absence of coordination
and a collective sanctioning mechanism, there is an incentive to increase the network beyond
the optimum.
5 Herd behavior can lead to inefficiencies if previous migrants also discounted their private
information in the belief that those who went there before them had information they do
not have, while they could have gained a higher utility by following their private information
(which must, however, not be the location with the objectively best conditions either). Herd
behavior and network effects are—although conceptually different—not mutually exclusive:
both effects can exist simultaneously and determine the location decisions of migrants. The
presence of network externalities in this context can even increase the probability that herd
behavior will be observed (Epstein, 2002).
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we examine the trade-off between income and ethnic network size and provide a
first approximation of the Euro value of ethnic networks in the EU. Fourth, we
derive the an empirical estimate of the optimal ethnic network size for migrants
to European regions.

3
3.1

Data and econometric framework
A random utility approach to location choice

In our paper we want to analyze the effect of regional ethnic networks on the
location decision of migrants to EU countries using 2007 data from the European
Labour Force Survey (EU-LFS). The EU-LFS is a regular questionnaire surveyed
among a representative sample of households in all countries of the EU-27.
Among other things, the data contain information on the region of residence
(at the NUTS-2 level), the nationality and the country of birth for individuals
living in the EU. We identify migrants by country of birth: all individuals who
were not born in the member state they reside in are considered “migrants” and
all those who still live in their country of birth are considered “natives”. We also
use the country of birth to define ethnicity, although this could be considered
a simplified definition by social anthropology standards as ethnicity must not
necessarily coincide with national boundaries.6 All individuals who were born
in the same source country are considered to be an ethnic group. Because the
data essentially constitute stock data, i. e., we observe only those individuals
living in the EU in 2007, there is no information on repeat and return migration
in the data. However, the data allows us to differentiate between those who
moved during the last 10 years and those who have been living in this region
for more than 10 years. Because this allows us to differentiate between pre1998 and post-1998 migrants, we focus only on those 15 countries which have
been members of the EU in 1998. Because our EU-LFS data do not contain
information on the country of birth for Germany and Ireland, we can only
consider 13 countries.7 Because we are interested in location decisions at the
regional level, a migrant k’s mutually exclusive choice set R, which is assumed
6 The migrants’ ethnicity could also be deduced using information on nationality. Because
of naturalizations, nationality would however be a more vague definition: migrants might
attain their host country’s nationality, in which case their true country of origin is no longer
observed.
7 Austria, Belgium, Denmark, Finland, France, Greece, Italy, Luxembourg, the Netherlands, Portugal, Spain, Sweden and the United Kingdom.
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to be exhaustive,8 consists of 158 NUTS-2 regions.9 All in all, we thus model
the location decision of 8,988,710 migrants from 166 different countries who
migrated to the 13 EU countries considered during the 1998–2007 period.
To model the location decision of a single migrant k, a random utility
framework (Marschak, 1960) can be applied where each region r ∈ R yields a
region-specific utility Ukr . We impose the simple behavioral model of a utilitymaximizing decision maker so that migrant k chooses alternative s ∈ R if and
only if Uks > Ukr ∀ s 6= r. Because the decision maker’s utility is not known,
observable characteristics of the alternatives Xkr can be used to define the representative utility Vkr = V (Xkr ) ∀ r which contains alternative-specific variables
like measures for ethnic networks in r and in adjacent regions. Assuming that
representative utility is linear in the regional attributes, the utility function is
given by
Ukr = Vkr + εkr = β ′ Xkr + εkr

(1)

εkr is unknown and treated as random. The final outcome can thus only be
predicted in terms of probability.

3.2

Ethnic networks

Our main variable of interest to be included in represented utility Vkr is the
ethnic network of migrants. For a migrant in ethnic group j, the network size
in region s is defined as
Networkjs =

m10+
js
Mj10+

PR
is the number of migrants of ethnic group j who
where Mj10+ = r=1 m10+
jr
have been living in one out of all regions for more than 10 years. Our network
8 We thus abstain from modeling the choice of migrating or staying (which would imply
including the home region or country into the choice set) and assume that the individual has
already decided to migrate to the EU-15. Other studies analyzing intra-national mobility (see,
for example, Davies et al., 2001) incorporated the decision between migration and staying by
including the source region into the choice set and modeling the choice of “stayers”. However, in
our application, this would imply including all source countries and their respective attributes
into the choice set of all migrants. Furthermore, we would also have to model the location
decision of “stayers” in all source countries as well as the location decisions of all migrants
from these countries to all other countries outside the 13 EU countries considered in this
paper. Since this is practically infeasible, we do not include the possibility of staying in our
analysis. We also do not consider migration between the EU-15 countries, because technically
for migrants within the EU-15 the regions of their home country would be included in R,
while they are actually not allowed to choose one of these regions (because we only focus
on migrants). While it would be possible to model the location decision of all EU nationals
(including “stayers”) with the data at hand, this is left to future research.
9 Overseas territories as well as the Spanish exclaves Ceuta and Melilla are not considered.
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 data restrictions, and Denmark
is treated as a single NUTS-2 region. Serbia, Montenegro and the Kosovo are considered a
single source country.
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variable thus measures the proportion of migrants of the same ethnicity who
have been living in region s for at least 10 years among all migrants of the same
ethnicity who have been living in one region of the 13 EU countries considered
for at least 10 years. This definition assumes that migrants are mostly interested
in the region which hosts the largest ethnic network, irrespective of its absolute
size. This approach reflects the interest of this paper in the location choice
of individuals. Each prospective migrant can choose between different regions
and therefore between regions with different network size, but cannot influence
the absolute number of previous migrants. Additionally, absolute figures are
heavily influenced by the population of the sending country.10 As the summary
statistics of table 1 show, the average network size is 6.7 %, but ranges from
zero to 100 percent. Because the marginal utility of networks can decrease with
network size we also consider the squared network variable in the regression.
But the effect of ethnic networks does not necessarily end at the region’s
borders. E. g., ethnic goods (like media or religious services) can also be consumed by individuals living in neighboring regions, or migrants could live in one
region and commute to work to a neighboring region where the ethnic network
will help them find employment. If there are spatial spillovers, the individual
may not only be concerned with networks in his intended target region, but
also with networks in neighboring regions and – to a smaller extent – in regions
adjacent to neighboring regions. We therefore also include the sum of the ethnic networks in neighboring regions within the same country as an additional
variable in the regression:
1
NetworkN
js

=

PLs1

10+
l1s =1 mjl1s
Mj10+

with Ls1 ⊂ R being the set of regions within the same country sharing a border
with region s. Furthermore, we also include the sum of the networks in second
neighbor regions within the same country Ls2 (the neighbors of the Ls1 regions,
except s and regions summarized in Ls1 ) as an additional regressor in our model:
2
NetworkN
js

=

PLs2

10+
l2s =1 mjl2s
Mj10+

This is the first article to date which explicitly incorporates this form of spatial
heterogeneity in the context of migrant’s location choice.11
10 To check for the robustness of our results we also use the absolute network size and find
similar results, see section 5.1.
11 We focus on the spatially lagged network of migrants who moved into the region more
than 10 years ago (which is exogenous in the regression), and not so much on spatially contemporaneous dependence (i. e., spatial lags or spatial errors, see Anselin, 2006), as it will take
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Finally, if there are ethnic goods with strong economies of scale in production (e. g., nationwide media) which must thus be provided nationwide as to
be produced efficiently, the total network in the host country also affects the
location decision. We therefore also include the sum of the ethnic networks in
the rest of the host country (LsC ):
C
NetworkN
js

=

PLsC

10+
s =1 mjls
lC
C
Mj10+

We thus consider network effects at different scopes, both at the regional as well
as the national level.
Since the influence of an ethnic network must not necessarily be bound by
national borders, we also consider adjacent regions in neighboring countries
s
s
(L′ 1 ) as well as second neighbors in neighboring countries (L′ 2 ):
N′
Networkjs1

=

P L′ s1

m10+
l′ s
jl′s
1 =1
1
10+
Mj

N′
Networkjs2

=

P L′ s2

m10+
l′ s
jl′s
2 =1
2
10+
Mj

A priori it can be expected that these variables also significantly affect the location choice of migrants, albeit at a lesser extent. E. g., other migrants of
the same ethnicity living in adjacent regions of a neighboring country will not
be able to help with immigration issues and bureaucratic structures because of
national differences in migration regimes and procedures. Furthermore, labor
and housing markets in different countries are subject to different laws, making
it difficult for someone living in another country to provide help with the settlement process or with finding a job. National borders will play a lesser role
especially for the consumption of ethnic goods because there are no restrictions
on cross-border mobility among the EU countries considered. If significant, the
coefficients can, in comparison with their within-country counterparts, provide
information about border effects in network externalities.

3.3

Other explanatory variables

Our choice of other explanatory variables included in Vkr follows other studies
on the topic (see, e. g., Bartel, 1989, or Davies et al., 2001). Two types of
variables will be added to the regression: variables which are specific to the
region or country of residence, as well as country-pair specific variables.12
some time for a new arrival to provide things like ethnic goods or information externalities to
other members of the network. Besides, there are (to the best knowledge of the authors) no
estimators allowing for contemporaneous spatial dependence in models of this kind.
12 As will become obvious from the discussions in sections 3.4 and 3.5, variables specific to
the source countries (such as unemployment or wage levels, or sending country fixed effects)
cannot be considered in the regressions because they do not vary over alternatives. The same
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Variable
Networkjs
1
NetworkN
js
N2
Networkjs
C
NetworkN
js

Mean
6.650
7.449
9.571
14.442

S. D.
10.276
9.841
11.220
17.334

Min.
0.000
0.000
0.000
0.000

Max.
100.000
100.000
100.000
100.000

Networkjs1

N′

0.364

1.568

0.000

32.338

N′

1.310
1.544
17.345
7.290
27.263
0.082
4.697
0.045
0.375
0.140

3.570
1.449
23.686
3.743
10.299
0.275
3.641
0.207
0.484
0.347

0.000
0.107
0.161
2.286
10.567
0.000
0.055
0.000
0.000
0.000

51.233
9.027
165.296
20.186
95.979
1.000
18.981
1.000
1.000
1.000

Networkjs2
Population (in 100,000)†
Region size (in 1,000 km2 )†
Unemployment rate (in %)†
Avg. income p. a. (in e 1,000)†
Capital (= 1)†
Distance (in 1,000 km)
Common border (= 1)
Common official language (= 1)
Colony after 1945 (= 1)

Table 1: Summary statistics of the independent variables. † N = 158 observations, all other variables: N = 8, 988, 710 observations. Source: European
Labour Force Survey 2007, Eurostat, CEPII.
Among the region specific Xkr attributes assumed to influence the probability of moving to a region is the area (measured in 1,000 km2 ): even if there is
a completely uniform distribution of migrants across all regions, larger regions
are more likely to attract larger inflows of migrants. A similar argument can
be made for the population (in 100,000): after controlling for region size (area),
regions with a higher population share should also attract a higher share of
migrants. To control for differences in economic opportunities, we include the
unemployment rate (in percent) as well as the average annual income per employed person (in e 1,000). Data for population and unemployment (in 2006)
as well as average annual income per employed person (in 2004) are taken from
Eurostat. Regional unemployment rates ranged from 2.3 to 20.2 % in 2006
with an average unemployment rate of 7.3 %. 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 also include a dummy variable for
regions which comprise national capitals, since they can be expected to receive
a ceteris paribus higher share of migrants because the capitals are the cultural,
political and administrative centers of the respective countries. We expect a
negative effect of the unemployment rate and a positive effect of average annual
income on the probability of choosing a specific region. To control for national
holds true for individual characteristics like age or gender. These variables could only be
included by interacting them with all other variables in the model. As the effects of these
variables are not the main focus of the paper, we refrain from including interaction terms.
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differences in laws regarding immigration, labor market access as well as other
country-fixed effects, dummies for the receiving countries are included (see also
Davies et al., 2001).13
Among the country-pair specific Xkr attributes we include a dummy variable
for linguistic closeness from CEPII which measures whether a migrant’s home
and host country share an official language (1, zero otherwise).14 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, 2008). 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 effect can be expected, e. g., 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 affect
the location choice of migrants, for example because of cultural similarities if
the colonial power “exported” part of its “culture” (or legal code etc.) to the
(former) colonies. Data on colonial relationships15 are also available 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,
measured as the crow flies) between the capital of the migrants’ country of origin
and the geographical center of the region she lives in and its squared value are
also included. For distance, a negative (but possibly decreasing) effect can be
expected.
Representative utility Vkr is thus assumed to be a linear function of host
region specific variables (ethnic networks, area, population, average income,
unemployment, capital city dummy variable), host country specific variables
(country dummies) as well as country-pair specific variables (common official
language, common border, colonial ties after 1945, distance). Summary statistics for the independent variables can be found in table 1.
13 Although including alternative specific dummy variables is more common in applications
of this kind, we include only country specific dummy variables, mainly because of practical
reasons: with 158 alternatives, we would have to consider 157 dummy variables, which would
not only increase the number of parameters to be estimated considerably, but can also lead
to problems with achieving convergence when estimating the model. Furthermore, because
in the European Union laws regarding immigration and labor market access—which can be
considered decisive for immigrants—do not vary within countries, we believe that country
dummies are sufficient to estimate alternative specific fixed effects.
14 As an alternative, CEPII also provides a dummy variable which captures whether at
least 9 % of the population in both countries speak the same language. As this variable can,
however, be influenced by migration into the host country we will only use the official language
dummy.
15 Colonization is defined in the notes to the data as a term which describes “a relationship
between two countries, independently of their level of development, in which one has governed
the other over a long period of time and contributed to the current state of its institutions”
(Mayer and Zigagno, 2006, p. 4).
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3.4

Conditional logit and the Independence from Irrelevant Alternatives

These determinants can be used as explanatory variables to estimate the location
choice of migrants. Assuming that the random utility term εkr of section 3.1
is i.i.d. extreme value, the probability that individual k chooses location s can
be estimated using the well-known conditional logit (CL) model (McFadden,
1974):16

exp (β ′ Xks )
Pks = PR
′
r=1 exp (β Xkr )

(2)

The estimated parameters β are those that maximize the log-likelihood
LL(β) =

R
K X
X

yks ln Pks

(3)

k=1 s=1

where yks is an indicator variable with yks = 1 if individual k chose region s ∈ R
and zero otherwise.
As is well known, in the conditional logit model the relative odds of choosing
one region over another depend only on the characteristics of the two regions:
PR
exp (β ′ Xks )/ r=1 exp (β ′ Xkr )
Pks
exp (β ′ Xks )
=
=
P
R
Pkt
exp (β ′ Xkt )
exp (β ′ Xkt )/ r=1 exp (β ′ Xkr )

(4)

The relative probabilities of regions s and t thus depend neither on the availability nor on the characteristics of alternative elements, but only on the attributes
of s and t, a property of the logit model known as “independence from irrelevant
alternatives” (IIA). While IIA has some advantages if satisfied—most notably
it allows the consistent estimation of parameters on a subset of R—there are
several arguments that cast doubt on it’s validity in our context: for example,
the choice between the Essex region and Berlin will not be independent of Inner and Outer London being alternatives or not. Furthermore, IIA also implies
that a change in the characteristics of an alternative region must reduce the
probabilities for all other regions by the same percentage to keep the relative
odds unchanged (also called “proportional shifting”, see Train, 2009, p. 47).17 In
reality, however, it is likely that some regions draw disproportionally from others. For example, an increase in the attractiveness of Inner London is likely to
attract at a higher percentage of migrants which would have otherwise moved
16 See

also Bartel (1989), Bauer et al. (2000, 2002, 2005), Gottlieb and Joseph (2006), Jaeger
(2007) or Christiadi and Cushing (2008) for related applications of the conditional logit model.
17 To illustrate this point, assume that an improvement in living conditions in region u
decreases the probability of moving to region s by δ percent to (1 − δ)Pks . In order not to
violate IIA, the probability of moving to region t must then fall by the same δ percent to
(1 − δ)Pkt .
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to other U. K. regions, and a lower percentage of prospective migrants to regions in Greece or Italy. Generally, it can be assumed that the substitution
patterns between regions with related characteristics will be different from the
substitution patters between more dissimilar regions.
Whether IIA holds is predominantly an empirical question and can be tested
e. g. by a Hausman test (Hausman and McFadden, 1984) which is based on comparing the parameters of the unrestricted model (including all alternatives) to
the parameters of a restricted model estimated on a subset of R. A significant
test statistic provides evidence against IIA. The test does, however, not offer
guidelines for choosing the subset to exclude from R. But with 158 choice alternatives, excluding one region at a time would amount to 158 different tests,
excluding two regions at a time yields 12,403 possible tests, and there are 644,956
distinct tests if the restricted model were to include three alternatives less than
the full model. With such a large number of possible alternative tests it is
likely to find at least one restricted model where the parameters are significantly different from the unrestricted model. Furthermore, as already noted by
Christiadi and Cushing (2008), with large sample sizes (as in our case) almost
any difference between models will be significant.
Nevertheless, some arguments for using the conditional logit model in migration studies can be found in the literature. E. g., facing a similar problem in
their study on migration between 47 U. S. regions, Davies et al. (2001) perform
limited tests which do not reject IIA. The authors thus chose to stick to the conditional logit model. On the other hand, Gottlieb and Joseph (2006) conclude
that the IIA property does not hold in their sample of college-to-work migration
in the United States. Using the conditional logit model can further be justified
if Vkr is sufficiently specified, i. e. if the remaining unobserved portion of utility
is essentially “white noise” and there are no correlations in error terms across
alternatives (for example arising from random taste variation) and the independence is preserved (Train, 2009, p. 35). Christiadi and Cushing (2008) use this
argument to motivate the use of conditional logit in their study on the joint
choice of destination and occupation and cite the empirical findings of Dahlberg
and Eklöf (2003) who show that if the model is not too parsimoniously specified,
conditional logit suffices as a general approximation to a model which relaxes
IIA.
But in our specification, the IIA property is violated if we find evidence for
our hypothesis of spatial spillovers and cross-border effects of ethnic networks:
our hypothesis can only be tested by including spatially lagged values for network size among the explanatory variables (see section 3.2). If our hypothesis is
confirmed and these network effects are significant, the probability of choosing
a specific region s will not only depend on the characteristics of s, but also on
13

characteristics (more specifically, the network size) of a set of neighboring res
s
gions R(s) = {Ls1 , Ls2 , LsC , L′ 1 , L′ 2 } ⊂ R. Similarly, the probability of choosing
another region t will not only depend on the attributes of this region but also
t

t

on the attributes of a subset R(t) = {Lt1 , Lt2 , LtC , L′ 1 , L′ 2 } ⊂ R of t’s neighbors.
The relative probabilities of equation (4) are then given by:

exp β1′ Xks + β2′ XkR(s)
Pks

=
Pkt
exp β1′ Xkt + β2′ XkR(t)

This will violate the IIA property: the relative probabilities now depend no
longer on the characteristics of s and t alone, but also on the characteristics of
the alternative’s neighboring regions R(s) and R(t).18 Apart from testing our
main hypothesis, including the network size in neighboring regions is thus also
an alternative way of testing for IIA in our model of migration (see also Train,
2009, p. 49).

3.5

Random parameters logit

This calls for a model which does not exhibit the IIA property. Probably the
most flexible model is the random parameters logit (RPL, also called mixed or
random coefficients logit, see McFadden and Train, 2000; Hensher and Greene,
2003; Train, 2009, and the references contained therein for an overview).19 Although the random parameters logit framework goes back to the early 1980’s
(among the first 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). Because the random parameters logit does not impose the independence of irrelevant alternatives property, it also allows for an unrestricted
substitution pattern between alternatives.
18 Although some elements in R(s) and R(t) can be equal (especially if s and t are close
to each other) and situations can be constructed where R(s) = R(t), so that s and t have
the same neighbors (in which case the relative probabilities will again depend on the same
characteristics and IIA will hold), the subsets will generally differ.
19 A 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, alternatives within a given nest are still assumed to exhibit independence of irrelevant alternatives.
The model is thus less flexible than the random parameters logit which can approximate any
random utility model (McFadden and Train, 2000) and therefore not considered here.
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The random parameters model can be derived from utility-maximizing behavior by assuming that the parameters of the characteristics Xkr in the representative utility function are allowed to vary over individuals:20
Ukr = βk′ Xkr + εkr
In this utility function, βk is a vector of coefficients for individual k representing
k’s preferences. The utility function is thus heterogeneous across individuals,
and the coefficient of a regional characteristic can not only have a different
magnitude for a different individual, but also a different sign. The coefficients
in βk 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 specific region s would, analogous to equation (2), be
given by:
exp (βk′ Xks )
(5)
Lks (βk ) = PR
′
r=1 exp (βk Xkr )

However, because the βk ’s are unobserved and we can therefore not condition
on β, the probability of choosing s is the integral of Lks (βk ) over all possible
values of βk (Train, 2009, p. 138):
Pks =

Z

exp (βk′ Xks )
PR

r=1

exp (βk′ Xkr )

!

f (β|θ)dβ

(6)

The probability Pks in the random parameters logit is thus the weighted average
of the logit formula evaluated at different values for β, with the weights given
by the mixing distribution f (β|θ). Because the integral in (6) 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 given in (5). This step is repeated many times, and the
average computed value of Lks (βk ) gives the simulated probability P̌ks which
can be inserted in to the simulated log likelihood
SLL(θ) =

R
K X
X

yks ln P̌ks

(7)

k=1 s=1

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).
20 An alternative interpretation of the random parameters logit is based on the error components creating correlations among utilities for different alternatives, which is formally equivalent to this interpretation, see Train (2009), p. 139f.
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While in earlier applications of the random parameters logit model random
draws were used for simulation, recent applications have relied mostly on quasirandom Halton sequences (Halton, 1960). The main advantages of using draws
from Halton sequences is that they provide a superior coverage of f (β|θ) than
random draws, and that they imply a negative correlation between the draws
of different observations, which reduces the error in the simulated log-likelihood
function (Train, 2009, p. 225). This feature makes simulation based on Halton
draws more effective than simulation based on random draws, as shown for
example by the comparisons in Bhat (2001), Train (1999) or Hensher (2001).
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”, so that “[. . . ] computer time can be reduced by a factor of ten by using
Halton draws instead of random draws, without reducing, and in fact increasing,
accuracy”. Although there is no general agreement on the number of Halton
draws to use 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”. 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.
The mixing distribution f (β|θ) can be normal, lognormal, uniform, etc.. If
the parameters are assumed to be normally distributed, the estimated θ are
the mean and standard deviation of a normal distribution which describe the
distribution of a parameter in the population. In our econometric model we
follow Gottlieb and Joseph (2006) by specifying some coefficients as fixed and
the rest as normally distributed.21 A fixed parameter is essentially a parameter
whose standard deviation is zero (Hensher and Greene, 2003), and for which only
a mean will be estimated. We assume the coefficient of area (in 1,000 km2 ) to be
fixed 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 by a single migrant, a probability which is independent of other regional
characteristics or individual tastes. The country-specific dummy variables are
also treated as being fixed.22 All other coefficients are unrestricted and assumed
to be normally distributed. The estimated parameters θ for these coefficients
are thus the mean and standard deviation of a normal distribution. This also
21 Revelt and Train (1998) and Train (1999) cite Ruud (1996) showing that random parameters logit models have a tendency to be unstable when all coefficients are treated as random.
Therefore, some coefficients should be fixed.
22 Although heterogeneity of tastes can be expected as regards to individual’s preferences for
single 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 coefficients in β can be estimated.
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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 coefficient
must not be 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.
Although sign restrictions could be imposed by specifying some of the coefficients as being lognormally distributed—for example, the coefficient 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 flexible as possible. Furthermore,
lognormal distributions usually have a long right-hand tail, which might be
problematic in willingness-to-pay calculations 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).

4

Estimating the effect of networks on location
choice

Table 2 shows the results of the random parameters logit regression using network size to estimate the location choice of those migrants who migrated to the
13 EU countries between 1998 and 2007. 500 Halton draws are used for simulation in the random parameters logit.23 In addition to the mean and standard
deviation of the of the estimated random parameters (which define the normal
distribution of the coefficient in the population), table 2 also shows the proportion of the estimated parameter’s density which above zero (i. e., the percentage
of the population for which the parameter is positive). The fifth column gives
the exponentiated coefficients of the random parameters logit, which can be
interpreted as mean odds ratios. Finally, the last two columns give the coefficients 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 effects is correct, the conditional logit can still serve as an approximation
to a model which relaxes this assumption (cf. Dahlberg and Eklöf, 2003).24
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
23 Halton sequences are usually defined 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 first 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 first κ elements, where κ should
be as least as large as the prime number used in the ι’th dimension. Because our model uses
16 random parameters, the first 53 elements are dropped. The model was also estimated using
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Variable
Networkjs
Network2js
1
NetworkN
js
2
NetworkN
js
C
NetworkN
js

N′

Networkjs1
N′

Networkjs2
Population (in 100,000)
Region size (in 1,000 km2 )
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Unemployment rate (in %)
Avg. income p. a. (in e 1,000)
Distance (in 1,000 km)
Distance (in 1,000 km)2
Capital (= 1)
Common border (= 1)
Common official language (= 1)
Colony after 1945 (= 1)
Observations

Mean(β)
0.376∗∗∗
(0.001)
−0.017∗∗∗
(0.000)
0.051∗∗∗
(0.000)
0.036∗∗∗
(0.000)
0.025∗∗∗
(0.000)
0.034∗∗∗
(0.000)
0.012∗∗∗
(0.000)
0.290∗∗∗
(0.000)
−0.005∗∗∗
(0.000)
−0.022∗∗∗
(0.000)
0.016∗∗∗
(0.000)
−0.203∗∗∗
(0.001)
0.012∗∗∗
(0.000)
−1.731∗∗∗
(0.008)
−0.264∗∗∗
(0.007)
1.088∗∗∗
(0.002)
−1.572∗∗∗
(0.004)

RPL
S. D.(β)
%β>0
0.014∗∗∗
100.000
(0.000)
0.013∗∗∗
10.229
(0.000)
0.001∗∗∗
100.000
(0.000)
0.004∗∗∗
100.000
(0.000)
0.034∗∗∗
76.856
(0.000)
0.002∗∗∗
100.000
(0.001)
0.005∗∗∗
98.720
(0.000)
0.001∗∗∗
100.000
(0.000)
0.005∗∗∗
0.001
(0.001)
0.001∗∗
100.000
(0.000)
0.073∗∗∗
0.280
(0.005)
0.005∗∗∗
99.523
(0.000)
3.297∗∗∗
29.972
(0.010)
2.716∗∗∗
46.135
(0.011)
1.587∗∗∗
75.355
(0.005)
1.280∗∗∗
10.979
(0.009)
8,988,710

CL
Mean(β)

e
1.456∗∗∗
(0.001)
0.983∗∗∗
(0.000)
1.053∗∗∗
(0.000)
1.037∗∗∗
(0.000)
1.025∗∗∗
(0.000)
1.035∗∗∗
(0.000)
1.012∗∗∗
(0.000)
1.336∗∗∗
(0.000)
0.995∗∗∗
(0.000)
0.978∗∗∗
(0.000)
1.016∗∗∗
(0.000)
0.816∗∗∗
(0.001)
1.012∗∗∗
(0.000)
0.177∗∗∗
(0.001)
0.768∗∗∗
(0.005)
2.968∗∗∗
(0.007)
0.208∗∗∗
(0.001)

β
eβ
∗∗∗
0.127
1.136∗∗∗
(0.000)
(0.000)
−0.001∗∗∗
0.999∗∗∗
(0.000)
(0.000)
0.049∗∗∗
1.051∗∗∗
(0.000)
(0.000)
0.031∗∗∗
1.031∗∗∗
(0.000)
(0.000)
∗∗∗
0.026
1.027∗∗∗
(0.000)
(0.000)
0.043∗∗∗
1.044∗∗∗
(0.000)
(0.000)
0.014∗∗∗
1.014∗∗∗
(0.000)
(0.000)
0.324∗∗∗
1.383∗∗∗
(0.000)
(0.000)
−0.004∗∗∗
0.996∗∗∗
(0.000)
(0.000)
−0.019∗∗∗
0.981∗∗∗
(0.000)
(0.000)
0.017∗∗∗
1.018∗∗∗
(0.000)
(0.000)
−0.412∗∗∗
0.663∗∗∗
(0.001)
(0.001)
0.023∗∗∗
1.023∗∗∗
(0.000)
(0.000)
−0.004∗∗∗
0.996∗∗∗
(0.001)
(0.001)
0.524∗∗∗
1.689∗∗∗
(0.003)
(0.005)
0.863∗∗∗
2.369∗∗∗
(0.002)
(0.004)
−1.036∗∗∗
0.355∗∗∗
(0.003)
(0.001)
8,988,710

Table 2: Random parameters logit (RPL) and conditional logit (CL) regressions of location choice using relative network size. Germany
and Ireland not included. Receiving country fixed effects not reported. Standard errors in parentheses. ∗∗∗ significant at 1 %, ∗∗ significant
at 5 %, ∗ significant at 10 %. RPL log likelihood simulated using 500 Halton draws. Source: European Labour Force Survey 2007, Eurostat,
CEPII.

probability of choosing a specific region also increases with ethnic networks in
neighboring regions. All else equal, 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 effect of network size is,
however, decreasing, as indicated by the negative effects of the squared network variable. This lends support to the optimal network size hypothesis (see
section 4.2). Furthermore, 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 a change in the relative odds of 3.7 %. Networks in the rest of the country also play a role for the
location decision, but the effect is rather small. Ethnic networks in neighboring
regions of other countries also affect the location decision positively, but the estimated coefficients are smaller than for within-country neighbors, which points
to substantial border effects in the influence of ethnic networks. 25
The random parameters logit also shows that ethnic networks are an attractor for all individuals: 100 % of the normal distribution of the estimated
coefficients is above zero. The only exceptions are the coefficient of the size
of the ethnic network in the rest of the country, which is negative for about
23.1 %, as well as the parameter of network size in second neighbors of another
country, which is negative for a small proportion of migrants. In addition, the
optimal network size hypothesis does not seem to apply to all individuals: For
about 10.2 % of migrants the coefficient of the squared network term is positive,
indicating that the utility of the individuals increases exponentially with ethnic
network size.
Concerning the other variables, the RPL regression shows that migrants
ceteris paribus prefer regions with more inhabitants, lower unemployment rates
and higher average income. The effect of regional size is negative, but rather
negligible in both specifications. As expected, distance—our proxy for the costs
of migration—has a negative, but decreasing effect on the location decision.
A common official language increases the odds of choosing a specific region,
but only for about three quarters (75.4 %) of the migrants. A past colonial
relationship between the source and target countries on the other hand affects
location choice negatively for most migrants, but about 11.0 % of the migrants
100, 200, 300 and 400 Halton draws. The parameters tend to stabilize at 300 draws. Results
are available from the authors upon request.
24 Country fixed effects are not reported in tables 2 and 5 due to lack of space. The country
fixed effects of the random parameters estimations are reported in table A1 in the appendix.
25 Excluding the spatially lagged network size variables increases the (mean of the) coefficient
of the network variable in the region from 0.376 to 0.651 and reduces the coefficient of the
squared network variable from −0.017 to −0.044 in the RPL regression. This indicates that
the effect of ethnic networks is overestimated if spatially lagged network size is ignored, which
not only reduces the explanatory power of the model but also leads to biased results.
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to the 13 EU countries considered actually derive a positive utility from living
in a region of the former colonizer.
Comparing the results of the random parameters to the conditional logit
regression, it can be seen that the differences between the mean RPL estimates
and the conditional logit can be quite substantial for some coefficients, 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 fixed coefficients) on a empirical model
characterized by a high degree of heterogeneity in the coefficients can lead to a
severe bias. For example, regions with capital cities exert a positive influence
on the location decision of only about 30.0 % of migrants, and the odds ratio
of the capital dummy variable is considerably larger in the RPL than in the
CL regression. In another example, only 46.1 % prefer regions in neighboring
countries; a common border has a negative effect on the location decision in the
RPL, while the conditional logit estimate is positive.

4.1

Willingness to pay for ethnic networks

As is well known, the ratio of two parameters in a (conditional) logit model can
be used to calculate the trade-off between two variables (see Davies et al., 2001;
Train, 2009). Taking the total derivative of the logit probability in equation (2)
and setting this derivative to zero gives
dPkr =

∂Pkr
∂Pkr
∂Pkr
dx1kr +
dx1kr + · · · +
dxnkr = 0
∂x1kr
∂x2kr
∂xnkr

Solving for the change in x1kr that keeps the probability of choosing a region r
constant following a change in x2kr yields:
dx1kr
dx2kr

=−
dPkr =0

β2k
β2k Pkr (1 − Pkr )
=−
β1k Pkr (1 − Pkr )
β1k

(8)

The ratio of two parameters essentially measures the marginal rate of substitution between two variables while holding utility constant and gives the amount
a variable x1kr would have to change after an increase in x2kr so that the probability of choosing a specific alternative is unchanged. Using a cost or income
measure as x1kr , this method allows the calculation of the willingness-to-pay
(WTP) for a change in a variable, so that (8) gives the amount of money which
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would compensate the individual for an increase in variable x2kr .26 This formula could be used to calculate the amount an individual migrant is willing to
pay for an exogenous variation in network size.
However, the parameters in the RPL are random variables which vary across
the population according to the estimated mean and standard deviations to account for differences in tastes. While the ratio of the estimated means appears
as a natural candidate, this ratio would not measure the mean WTP in the population, but the willingness-to-pay of a hypothetical individual with “average”
parameters, and is thus of limited interest because it is not representative for
the population. Sillano and Ortúzar (2005) discuss the consequences of random
parameters for calculating the WTP and provide several alternatives: first, the
willingness to pay can be simulated (see also Hensher and Greene, 2003). Second, it can easily be calculated when using the lognormal distribution for the
income or cost variable and the variable of interest, because the ratio of two lognormally distributed random variables is also lognormally distributed.27 With
two normally distributed parameters, an analytical solution for the ratio is,
however, more complicated to find. Third, the cost or income coefficient could
be fixed, in which case the distribution of the willingness-to-pay will follow the
distribution of the variable of interest: if θ1 is the (fixed) mean of the income
variable and β2k and σ2k are the estimated mean and standard deviation of the
population parameter of x2kr , the ratio in (8) will be distributed normally with
2
mean β2k /θ1 and variance σ2k
/θ1 . However, a fixed income variable ignores
that the average regional income will be of more interest to some individu-

als and of less interest to others. Furthermore, as Sillano and Ortúzar (2005)
and Revelt and Train (1998) show, the means of the resulting distribution for
the willingness-to-pay are considerably higher because the cost variable, which
should vary over the population, is artificially constrained to be fixed, causing
its parameter to be underestimated (Sillano and Ortúzar, 2005, p. 544).
26 The trade-off can therefore also be interpreted as the compensating variation (Dahlberg
and Eklöf, 2003; Sillano and Ortúzar, 2005). As shown by (8), if x1kr is income (and β1k
is positive) the calculated trade-off is negative if β2k > 0. Thus, the amount needed to
compensate the individual for an increase in a “good” (a variable x2kr which raises utility) is
negative, while the amount needed to compensate the individual for an increase in a “bad” is
positive, as expected.
27 In addition, this would also solve the problem of possible negative values for the income
variable when using a normal distribution for the parameter of income. However, Sillano
and Ortúzar (2005) recommend against the use of the log-normal distribution, because its
wide tails contribute to overestimating the willingness-to-pay. They conclude that “[. . . ] it
is not worthwhile undergoing the effort of estimating the model with log-normal distributed
parameters, as even if the individual values show a large portion of incorrectly signed people,
the right course of action should be to investigate them for consistency, and perhaps removing
them from the sample” (Sillano and Ortúzar, 2005, p. 543). Hensher and Greene (2003)
approach this problem by removing the highest two percentiles of the distribution, which
decreases the mean and standard deviation of the WTP, but note that this is a rather arbitrary
approach.
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Variable
WTPk (Networkjs
WTPk (Networkjs
WTPk (Networkjs
WTPk (Networkjs
WTPk (Networkjs
WTPk (Network
js


= 0)
= 5)
= 10)
= 15)
= 20)
= 25)

1
WTPk NetworkN
js


2
WTPk NetworkN
js


C
WTPk NetworkN
js


N′
WTPk Networkjs1


N′
WTPk Networkjs2

Mean
23.763
13.010
2.257
-8.495
-19.248
-30.000

S. D.
0.062
4.809
9.594
14.379
19.164
23.949

Min.
23.368
4.564
-14.415
-33.394
-52.373
-71.352

Max.
24.184
26.170
28.519
30.868
33.218
35.567

3.245

0.005

3.184

3.285

2.286

0.026

2.128

2.463

1.558

0.677

-0.535

5.387

2.182

0.009

2.124

2.244

0.766

0.024

0.613

1.011

Table 3: Willingness to pay for a 1 percentage point increase in network size (in
e 1,000). N = 8, 988, 710 observations. Source: European Labour Force Survey
2007.
The fourth and most promising approach is to estimate the willingness-topay from the individual-level parameters, i. e. to calculate point estimates and
confidence intervals of the cost/income variable and the variable of interest
for each individual in the sample. These can then be used to calculate the
individual WTPs, from which the parameters of the population distribution of
the willingness-to-pay can be inferred. The method to derive the individual-level
parameters is described in Train (2009). We follow this approach and calculate
the individual parameters for the random coefficients in our model.
Migrant k’s willingness to pay for an exogenous variation in the size of the
ethnic network is derived from taking the total differential of equation Lkr (βk )
(see equation 5):
WTPk (Networkjs ) = −

γ1k + 2γ2k Networkjs
µk

γ1k is individual k’s coefficient of the network variable, γ2k her coefficient of the
squared network variable and µk her coefficient of the average income variable.
The willingness to pay for an increase in the ethnic network therefore depends
on the size of the network, and will decrease with network size if the squared
network parameter is negative (as is the case for about 90 % in our sample).
Table 3 shows the willingness to pay calculated from individual level parameters
at different network sizes as well as the calculated willingness to pay for an
increase in the ethnic network in neighboring regions and the rest of the country.
The calculation based on individual level parameters reveals a sizable willingness to pay for an increase in the local ethnic network at low network sizes:
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Figure 1: Distribution of willingness to pay for a 1 percentage point increase in
ethnic network size (in e 1,000). Histogram and kernel density estimate. Calculated from individual level parameters at mean network size. N = 8, 988, 710
observations. Source: European Labour Force Survey 2007.
the willingness to pay for a 1 p. p. increase at a network size of zero is, on average, about e 23,800, which is only slightly lower than the mean average annual
income per employee in (about e 27,300, see table 1). This implies that regions
without networks are rather unattractive, and that individuals would be willing
to forgo a lot of potential income to live in a region with a larger network. Thus,
ethnic networks are so important that income almost becomes irrelevant in deciding between a region with a network size of zero vs. a region with a network
size of 1 %. However, it is also possible that part of the effect of income is
already reflected by the network variable if previous migrants moved to regions
with higher income, causing the parameter of income to be underestimated.28
As the network size increases, the willingness to pay decreases considerably.
At the same time, the standard deviation of the willingness to pay estimates
increases with network size, which reflects the considerable heterogeneity in the
individual squared network parameters. At a network size of 5 % it drops to
about e 13,000 on average, and to about e 2,300 at a network size of 10 %. At
28 Family reunions can also partly explain the large size of the willingness to pay estimates:
some of those who moved during the time period considered may have migrated only to be
reunited with family members abroad. For these second movers, (potential) income does not
affect the location decision at all, because it is determined by the position of the first mover.
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the mean network size of 6.65 % the average willingness to pay for a 1 p. p. increase in the ethnic network is about e 9,500. The distribution of the willingness
to pay at the mean network size is depicted in figure 1.
Table 3 also shows that the willingness to pay for an increase in (the sum of)
the network sizes of neighboring regions is considerably smaller. Furthermore,
the willingness to pay decreases with distance, and there is a sizable difference
between the willingness to pay for a network increase in neighboring regions
compared to the rest of the country. In addition, there is also a border effect: a
1 p. p. network increase in neighboring regions of the same country is valued at
about e 3,200, while the willingness to pay is only about e 2.300 if the increase
occurs in neighboring regions of a neighboring 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 effects in the spatial spillovers of ethnic networks.

4.2

Optimal network size

The individual level parameters can also be used to calculate the optimal network size. Differentiating equation (5) with respect to the network variable
gives
∂Lkr (βk )
= Lkr (βk ) [1 − Lkr (βk )] (γ1k + 2γ2k Networkjr )
∂Networkjr
Setting this expression to zero and solving for the network variable yields the
optimal network size:
Network∗jr = −

γ1k
2γ2k

(9)

Ignoring the 10.2 % for which the squared network variable is positive (and
for which the optimal network size is therefore infinite, see table 2), the average
optimal network size calculated from individual level parameters is about 16.6 %.
The distribution of the optimal network size is heavily skewed to the right,
but there are nevertheless some very large values, some even exceeding 100 %.
The median optimal network size of 9.6 %, which is about 3.6 times the median
actual network size, therefore gives a better representation of the distribution of
optimal network sizes. The smallest optimal network size is 6.2%, and for 8.4 %
of all migrants, the optimal network size is within ±20 % of the actual network
size in the region they live in, but only 0.8 % live in a region where the ethnic
network is actually larger than the individual optimal network size. Figure 2
shows the distribution of the optimal network size calculated from individual
level parameters for those with γ2k < 0. Calculated optimal network size values
exceeding 100 % are included in the 100 % category of the histogram.
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Figure 2: Distribution of optimal network size calculated from individual level
parameters. N = 8, 375, 514 observations. Source: European Labour Force
Survey 2007.
The calculations presented here show that, although there is evidence of an
optimal network size beyond which the probability of moving to a region actually
decreases with ethnic network size, most actual ethnic networks are well below
this optimal size. The optimal network size is therefore rather hypothetical.

5
5.1

Robustness
Alternative definition of network size

For the estimation in section 4, the ethnic network was defined as the percentage
of migrants born in the same country of origin who have been living in the
same region for 10 years or longer among all migrants from the same ethnic
group who have been living in the 13 EU countries considered for at least 10
years. This definition of the network variable is, however, debatable. We thus
also consider the absolute size of the ethnic network—the absolute number of
migrants of the same ethnicity living in a region for more than 10 years, m10+
js —
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Variable
Absolute
Absolute
Absolute
Absolute

networkjs (in 1,000)
1
networkN
js (in 1,000)
N2
networkjs (in 1,000)
C
networkN
js (in 1,000)

Mean
14.323
16.964
22.496
35.114

S. D.
34.175
39.340
49.831
79.183

Min.
0.000
0.000
0.000
0.000

Max.
265.987
463.514
652.008
857.423

Absolute networkjs1 (in 1,000)

N′

2.564

13.955

0.000

365.762

Absolute networkjs2 (in 1,000)

N′

8.085

31.300

0.000

411.412

Table 4: Summary statistics, absolute network size variables. N = 8, 988, 710
observations. Source: European Labour Force Survey 2007.
in an alternative specification.The absolute networks in the neighboring regions
of the same country are defined accordingly as
s

Absolute

1
networkN
js

=

L1
X

m10+
jls

L2
X

m10+
jls

1

l1s =1
s

Absolute

2
networkN
js

=

2

l2s =1

the absolute network in the rest of the country as
s

Absolute

C
networkN
js

=

LC
X

s =1
lC

m10+
jls
C

and the absolute networks in neighboring regions of other countries as
′s

Absolute

N′
networkjs1

=

L1
X

m10+
jl′ s

L2
X

m10+
jl′ s

1

l′ s1 =1
′s

Absolute

N′
networkjs2

=

2

l′ s2 =1

Summary statistics are displayed in table 4. On average, a local ethnic network
consists of about 14,300 individuals. Algerians in the Île de France region (which
includes the French capital, Paris) constitute the largest absolute local ethnic
network: 266,000 Algerians had been living in the Île de France for at least 10
years in 2007 (see table 1).
We do not consider the proportion of migrants of the same ethnicity among
the population in a region, which could be used as yet an alternative definition.
This proportion could be interpreted as an indicator for the number of possible
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interactions with same-ethnicity individuals in random encounters in the region.
We believe this measure to be of lesser importance to the decision maker, not
only because regional migrant networks tend to be spatially concentrated even
within the region29 which makes random encounters less important, but also
because migrants are more likely to value the highest possible number of interactions with same-ethnicity individuals rather than the probability of a random
encounter with someone from the same country of origin.
Table 5 shows the results of random parameters and conditional logit regressions of location choice. Again, the main results are unaltered by this change
in the definition of the network variable: Networks both in the same region as
well as in neighboring regions (both within the country as well as across borders) significantly help explain the choice of the region of residence. The odds
of choosing a region are 33.2 % larger if the ethnic network within the region
increases by 1,000 individuals, and the effect of network size is again positive
for all migrants. This also holds true for the effects of networks in neighboring
regions which are, however, of limited importance in this specification: 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 effect is, however, rather small
and even negative for about 63 % of all migrants. Compared to the estimation
results of table 2 the proportion of individuals for which this coefficient is positive decreases by about 40 p. p. in reaction to the change in network definition.
As before, ethnic networks in neighboring regions of other countries affect the
location decision positively. In contrast to the relative network size regression
(table 2), the estimated coefficients 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.
A direct comparison of the random parameters and conditional logit regressions again shows that imposing fixed parameters on the empirical model would
lead to severe biases in parameters with a high degree of heterogeneity, such
as the capital, common border, and colony dummies, but also in the absolute
network size variable.

5.2

Alternative definition of neighboring regions

In the previous regressions, spatial ethnic networks were defined by summing up
the network size in neighboring NUTS-2 regions. This ignores that region size
29 E. g., ethnic enclaves as the Chinatowns in U. S. cities like San Francisco or New York or
in European cities like Liverpool and London are well defined within a few city blocks.
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Variable
Absolute Networkjs (in 1,000)
Absolute Network2js (in 1,000)
1
Absolute NetworkN
js (in 1,000)
2
Absolute NetworkN
js (in 1,000)
C
Absolute NetworkN
js (in 1,000)

N′

Absolute Networkjs1 (in 1,000)
N′

Absolute Networkjs2 (in 1,000)
Population (in 100,000)
Region size (in 1,000 km2 )
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Unemployment rate (in %)
Avg. income p. a. (in e 1,000)
Distance (in 1,000 km)
Distance (in 1,000 km)2
Capital (= 1)
Common border (= 1)
Common official language (= 1)
Colony after 1945 (= 1)
Observations

Mean(β)
0.287∗∗∗
(0.000)
−0.006∗∗∗
(0.000)
0.002∗∗∗
(0.000)
0.001∗∗∗
(0.000)
−0.001∗∗∗
(0.000)
0.005∗∗∗
(0.000)
0.002∗∗∗
(0.000)
0.250∗∗∗
(0.000)
−0.001∗∗∗
(0.000)
−0.037∗∗∗
(0.000)
0.014∗∗∗
(0.000)
−0.474∗∗∗
(0.001)
0.021∗∗∗
(0.000)
−5.436∗∗∗
(0.025)
0.464∗∗∗
(0.005)
1.689∗∗∗
(0.002)
−0.243∗∗∗
(0.004)

RPL
S. D.(β)
%β>0
0.035∗∗∗
100.000
(0.000)
0.005∗∗∗
11.132
(0.000)
0.000∗∗∗
100.000
(0.000)
0.000∗∗∗
100.000
(0.000)
0.002∗∗∗
36.764
(0.000)
0.002∗∗∗
99.307
(0.000)
0.002∗∗∗
80.126
(0.000)
0.003∗∗∗
100.000
(0.001)
0.035∗∗∗
14.530
(0.001)
0.014∗∗∗
83.971
(0.000)
0.007∗∗
0.000
(0.003)
0.000∗∗∗
100.000
(0.000)
8.016∗∗∗
24.886
(0.033)
1.709∗∗∗
60.697
(0.008)
0.080∗∗∗
100.000
(0.004)
1.059∗∗∗
40.917
(0.007)
8,988,710

CL
Mean(β)

e
1.332∗∗∗
(0.000)
0.994∗∗∗
(0.000)
1.002∗∗∗
(0.000)
1.001∗∗∗
(0.000)
0.999∗∗∗
(0.000)
1.005∗∗∗
(0.000)
1.002∗∗∗
(0.000)
1.284∗∗∗
(0.000)
0.999∗∗∗
(0.000)
0.964∗∗∗
(0.000)
1.014∗∗∗
(0.000)
0.622∗∗∗
(0.001)
1.021∗∗∗
(0.000)
0.004∗∗∗
(0.000)
1.590∗∗∗
(0.008)
5.416∗∗∗
(0.010)
0.784∗∗∗
(0.003)

β
eβ
∗∗∗
0.045
1.046∗∗∗
(0.000)
(0.000)
−0.000∗∗∗
1.000∗∗∗
(0.000)
(0.000)
0.003∗∗∗
1.003∗∗∗
(0.000)
(0.000)
0.001∗∗∗
1.001∗∗∗
(0.000)
(0.000)
∗∗∗
0.001
1.001∗∗∗
(0.000)
(0.000)
0.002∗∗∗
1.002∗∗∗
(0.000)
(0.000)
0.001∗∗∗
1.001∗∗∗
(0.000)
(0.000)
0.357∗∗∗
1.429∗∗∗
(0.000)
(0.000)
−0.004∗∗∗
0.996∗∗∗
(0.000)
(0.000)
−0.037∗∗∗
0.964∗∗∗
(0.000)
(0.000)
0.021∗∗∗
1.021∗∗∗
(0.000)
(0.000)
−0.610∗∗∗
0.544∗∗∗
(0.001)
(0.001)
0.022∗∗∗
1.022∗∗∗
(0.000)
(0.000)
0.105∗∗∗
1.111∗∗∗
(0.001)
(0.001)
0.958∗∗∗
2.608∗∗∗
(0.003)
(0.008)
1.784∗∗∗
5.955∗∗∗
(0.001)
(0.009)
0.066∗∗∗
1.068∗∗∗
(0.003)
(0.003)
8,988,710

Table 5: Random parameters logit (RPL) and conditional logit (CL) regressions of location choice using absolute network size. Germany
and Ireland not included. Receiving country fixed effects not reported. Standard errors in parentheses. ∗∗∗ significant at 1 %, ∗∗ significant
at 5 %, ∗ significant at 10 %. RPL log likelihood simulated using 500 Halton draws. Source: European Labour Force Survey 2007, Eurostat,
CEPII.

Variable
Networkjρ≤100
Network100<ρ≤200
j
Networkρ>200
j
′
Networkjρ ≤100
′
Networkj100<ρ ≤200

Mean
4.008
5.106
21.953
0.061
0.469

S. D.
9.965
9.777
21.113
0.857
2.443

Min.
0.000
0.000
0.000
0.000
0.000

Max.
97.181
100.000
100.000
60.556
89.838

Table 6: Summary statistics, networks in neighboring regions defined by distance from region of residence. N = 8, 988, 710 observations. Source: European
Labour Force Survey 2007.
differs 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.
E. g., 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) has an area
of about 165,300 km2 and about 3.3 inhabitants per km2 in 2007, the region
Bruxelles-Capitale (NUTS-2 code: BE10) has 161 km2 , each with about 6,500
inhabitants on average (in 2007) according to Eurostat data. This of course
implies that the availability of a network in neighboring regions may differ with
region size.
Therefore we also estimate the model defining neighboring regions by their
distance to the migrant’s region of residence. Ethnic networks in other regions
are considered if the geographical center of the neighboring region is within a
radius ρ of 0–100 or 101–200 kilometers (as the crow flies) from the geographical
center of the region of residence. Networks in the rest of the country (in regions
not within a 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 consider both ethnic networks within the host
country as well as in neighboring countries and therefore also include networks
if neighboring regions in another country are within a radius ρ′ of 0–100 and
100-200 kilometers. As before, the size of the network in the region of residence
as well as its squared value are included as the main parameters of interest,
which allows a direct comparison with the results in table 2.
Despite this change in the definition of neighboring regions, the main conclusions 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 affect location choice positively for all migrants. Networks within a
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100 kilometer radius exert a larger influence than networks within a 200 kilometer radius or networks in the rest of the country. Again, the largest effect can
be found for ethnic networks in the region chosen by the migrant. As before,
this effect is decreasing in network size for most migrants, and only for 10 %
the squared network variable has a positive coefficient. The estimated network
parameter is slightly larger in this regression, but close to the original parameter
of table 2.
In contrast to the previous regressions, networks in neighboring regions of
other countries within a 100 kilometer radius affect location choice negatively
for 84 % of all migrants although the coefficient of first neighbors in other
countries was significantly positive in the other regressions and networks in
regions of other countries within in a 100–200 kilometer radius exert a positive
influence on the probability of choosing a specific region. This can be explained
by the differences in coverage between the two definitions: Each region has, on
average, 0.53 neighboring regions in other countries, but only 0.29 regions in
other countries are within a 100 kilometer radius.30 Overall, there are only 21
regions where the closest region in another country is less than 100 kilometers
away and actually hosts an ethnic network. The majority of these regions (16)
are in Belgium and the Netherlands, and it is therefore likely that the difference
to the main regression arises from the specifics of these countries or the ethnic
groups living in these countries.

6

Summary

This paper analyzed the effect of ethnic networks on the location decision of
migrants to the EU who moved between 1998 and 2007 using data from the
European Labour Force Survey. Using a random parameters logit specification
we found a substantially positive but decreasing effect of ethnic networks on the
location decision of migrants, providing strong evidence for ethnic clustering of
migrants among European regions. Furthermore, we also find evidence of spatial spillovers in the effect of ethnic networks: ethnic networks in neighboring
regions (both in the same country as well as across the border) and networks
in the rest of the country significantly help to explain migrants’ choice of target regions. The positive effects of ethnic networks thus also extends beyond
regional and national borders. Additional estimations using different network
and neighborhood definitions confirm the robustness of our findings.
30 These

differences are also substantial within countries: While each region has on average
3.52 (first) neighbors within the same country, only 1.42 (out of the first neighbors) are
within a 100 kilometer radius, 1.30 are within 100–200 kilometers, and 0.80 are more than
200 kilometers away from the region of residence.
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Variable
Networkjs
Network2js
Networkjρ≤100
Network100<ρ≤200
j
Networkρ>200
j
′

Networkρj ≤100
′

Networkj100<ρ ≤200
Population (in 100,000)
Region size (in 1,000 km2 )
31

Unemployment rate (in %)
Avg. income p. a. (in e 1,000)
Distance (in 1,000 km)
Distance (in 1,000 km)2
Capital (= 1)
Common border (= 1)
Common official language (= 1)
Colony after 1945 (= 1)
Observations

Mean(β)
0.450∗∗∗
(0.001)
−0.024∗∗∗
(0.000)
0.041∗∗∗
(0.000)
0.036∗∗∗
(0.000)
0.033∗∗∗
(0.000)
−0.099∗∗∗
(0.002)
0.023∗∗∗
(0.000)
0.278∗∗∗
(0.000)
−0.002∗∗∗
(0.000)
−0.039∗∗∗
(0.000)
0.015∗∗∗
(0.000)
−0.212∗∗∗
(0.001)
0.011∗∗∗
(0.000)
−1.904∗∗∗
(0.007)
−0.138∗∗∗
(0.007)
1.081∗∗∗
(0.002)
−1.698∗∗∗
(0.004)

S. D.(β)
0.001∗∗∗
(0.000)
0.019∗∗∗
(0.000)
0.005∗∗∗
(0.000)
0.003∗∗∗
(0.000)
0.001∗∗∗
(0.000)
0.098∗∗∗
(0.001)
0.001
(0.000)
0.006∗∗∗
(0.000)

RPL
%β>0
100.000
10.017
100.000
100.000
100.000
15.750
100.000
100.000

0.010∗∗∗
0.002
(0.001)
0.010∗∗∗
91.999
(0.000)
0.008∗
0.000
(0.004)
0.003∗∗∗
99.936
(0.000)
3.384∗∗∗
28.679
(0.009)
2.493∗∗∗
47.795
(0.010)
1.642∗∗∗
74.480
(0.005)
1.587∗∗∗
14.227
(0.007)
8,988,710

eMean(β)
1.568∗∗∗
(0.001)
0.976∗∗∗
(0.000)
1.042∗∗∗
(0.000)
1.037∗∗∗
(0.000)
1.033∗∗∗
(0.000)
0.906∗∗∗
(0.001)
1.024∗∗∗
(0.000)
1.321∗∗∗
(0.000)
0.998∗∗∗
(0.000)
0.961∗∗∗
(0.000)
1.015∗∗∗
(0.000)
0.809∗∗∗
(0.001)
1.011∗∗∗
(0.000)
0.149∗∗∗
(0.001)
0.871∗∗∗
(0.006)
2.946∗∗∗
(0.007)
0.183∗∗∗
(0.001)

CL
β
eβ
∗∗∗
0.135
1.145∗∗∗
(0.000)
(0.000)
−0.001∗∗∗
0.999∗∗∗
(0.000)
(0.000)
0.042∗∗∗
1.043∗∗∗
(0.000)
(0.000)
∗∗∗
0.035
1.035∗∗∗
(0.000)
(0.000)
0.030∗∗∗
1.031∗∗∗
(0.000)
(0.000)
∗∗∗
0.005
1.005∗∗∗
(0.001)
(0.001)
0.028∗∗∗
1.029∗∗∗
(0.000)
(0.000)
0.317∗∗∗
1.373∗∗∗
(0.000)
(0.000)
−0.002∗∗∗
0.998∗∗∗
(0.000)
(0.000)
−0.034∗∗∗
0.967∗∗∗
(0.000)
(0.000)
0.019∗∗∗
1.019∗∗∗
(0.000)
(0.000)
−0.463∗∗∗
0.629∗∗∗
(0.001)
(0.001)
0.023∗∗∗
1.023∗∗∗
(0.000)
(0.000)
−0.095∗∗∗
0.909∗∗∗
(0.001)
(0.001)
0.543∗∗∗
1.721∗∗∗
(0.003)
(0.005)
0.820∗∗∗
2.270∗∗∗
(0.002)
(0.004)
−1.067∗∗∗
0.344∗∗∗
(0.003)
(0.001)
8,988,710

Table 7: Random parameters logit (RPL) and conditional logit (CL) regressions of location choice using relative network size. Germany
and Ireland not included. Receiving country fixed effects not reported. Standard errors in parentheses. ∗∗∗ significant at 1 %, ∗∗ significant
at 5 %, ∗ significant at 10 %. RPL log likelihood simulated using 500 Halton draws. Source: European Labour Force Survey 2007, Eurostat,
CEPII.

The random parameters specification, which allows for individual heterogeneity in utility functions, shows that there are substantial variations in taste
across individuals. The effect of ethnic networks in the same region is, however,
positive for all individuals. Although the qualitative conclusions concerning
most estimated parameters are similar to those of the computationally simpler
conditional logit model, our finding of spatial spillovers in the effect of ethnic networks shows that the conditional logit’s independence of irrelevant alternatives
(IIA) property is violated. Furthermore, the significant standard deviations of
the random parameters show that the limitations imposed by the 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.
We also find a sizable willingness to pay for an increase in the ethnic network, especially for regions where only few previous migrants from the same
country of origin are located. In the most extreme case, individuals are willing
to forgo about e 23,800 in expected annual income for a 1 percentage point
(p. p.) increase in network size31 when considering a region without a network
of same-ethnicity migrants. This suggests that a region without an ethnic network must have an average annual income which is e 23,800 higher than in
a region where the network size is 1 % to still be considered a ceteris paribus
equally attractive target region. Considering that the average annual income
per employee among the 158 regions used in the analysis is about e 27,300,
ethnic networks thus play a very important role in the location decision.
At the average network size of about 6.65 %, the average willingness to pay
for a 1 p. p. increase in network size is about e 9,500. There is, however, a
considerable heterogeneity in the willingness to pay across individuals. The
willingness to pay for a 1 p. p. variation in the network size of neighboring
regions is considerably smaller, and ranges from about e 3,200 for networks in
adjacent regions and e 2,300 in second neighbor regions to about e 1,600 in
the rest of the country. There is also a substantial border effect for network
externalities of e 1,100–1,500. 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 borders matters in the effect
of ethnic networks in neighboring regions.
We also find evidence for the optimal network size hypothesis. For most
migrants, the positive effect of ethnic networks is decreasing in network size, as
indicated by a negative squared network parameter. Based on individual level
31 We define the ethnic network as the percentage of migrants from the same country of
birth who have been living in a region for at least 10 years among all migrants from the same
country of birth who have been living in all regions of the 13 EU countries considered for at
least 10 years.
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coefficients, the effect of the ethnic network becomes negative at a network size
of 16.6 % on average. But only 0.8 % live in a region where the actual network
size exceeds the optimal network size. Although there is evidence for an optimal
network size, it is rather a hypothetical construct and only few ethnic networks
are actually close to the optimal level.
Some policy conclusions can be drawn from the results of our analysis. First,
our results point to a strong “lock-in effect” of the ethnic structure of migration. This means that the current regional ethnic structure of migration in part
determines the future regional pattern of ethnic migration. This implies, for
example, that the heterogeneous use of restrictions on the movement of labor
among the EU-15 countries as of 2003 during the transitional period will have
effects on the long-term migration patterns from the 8 member states which
joined the Union 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 (es employed for example
in Sweden) 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, however, still scope for future extensions. First, the data set currently does not allow us to distinguish migrants from refugees, which might
have completely different location patterns. Second, there may be differences
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). Third, it could be interesting
to analyze the substitution patterns between regions based on the random parameters logit model. Analyzing these substitution patterns could, for example,
shed light on the effects of changes in economic conditions (or migration policy)
in one country (or region) on migration to all other countries (or regions) and
thus provide us with an important tool to forecast future migration patterns
based on past migration.
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Appendix A:

Receiving country fixed effects

Belgium (=1)
Denmark (=1)
Spain (=1)
Finland (=1)
France (=1)
Greece (=1)
Italy (=1)
Luxembourgh (=1)
Netherlands (=1)
Portugal (=1)
Sweden (=1)
United Kingdom (=1)

Table 2
−0.335∗∗∗
(0.004)
0.532∗∗∗
(0.005)
1.449∗∗∗
(0.003)
−1.529∗∗∗
(0.011)
−0.964∗∗∗
(0.003)
−0.609∗∗∗
(0.004)
0.188∗∗∗
(0.003)
−0.889∗∗∗
(0.009)
−0.405∗∗∗
(0.003)
0.361∗∗∗
(0.004)
0.129∗∗∗
(0.003)
0.481∗∗∗
(0.003)

Table 5
−0.294∗∗∗
(0.003)
0.404∗∗∗
(0.005)
1.744∗∗∗
(0.003)
−1.370∗∗∗
(0.009)
−0.824∗∗∗
(0.003)
−0.334∗∗∗
(0.004)
0.657∗∗∗
(0.003)
−1.122∗∗∗
(0.009)
−0.082∗∗∗
(0.003)
0.437∗∗∗
(0.004)
0.105∗∗∗
(0.003)
0.763∗∗∗
(0.003)

Table 7
−0.288∗∗∗
(0.004)
0.534∗∗∗
(0.005)
1.556∗∗∗
(0.003)
−1.405∗∗∗
(0.011)
−0.838∗∗∗
(0.003)
−0.512∗∗∗
(0.005)
0.223∗∗∗
(0.003)
−0.883∗∗∗
(0.009)
−0.395∗∗∗
(0.003)
0.469∗∗∗
(0.004)
0.141∗∗∗
(0.004)
0.431∗∗∗
(0.003)

Table A1: Receiving country fixed effects, random parameters logit regressions.
Base category: Austria. Germany and Ireland not included. Standard errors
in parentheses. ∗∗∗ significant at 1 %, ∗∗ significant at 5 %, ∗ significant at
10 %. RPL log likelihood simulated using 500 Halton draws. Source: European
Labour Force Survey 2007, Eurostat, CEPII.
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