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1 Introduction

A considerable stream of empirical and theoretical work has investigated the impact of re-
gional networks of migrants (or diasporas) on future migrations streams. Understanding the
role of the diasporas for migration patterns is key for many policy questions. On the one
hand, diasporas have the potential to strongly shape future migration patterns (henceforth
referred to as network effect). On the other hand, they are related to many questions regard-
ing integration and assimilation of migrants within a country. Especially in the context of the
recent refugee crisis, those questions clearly regained importance: according to numbers of
the German Federal Office for Statistics (DESTATIS), Germany accommodated around 1.2
million asylum seekers between 2012 and 2015. Over the next years, the management of this
quickly growing stock of migrants will become a key challenge for the German society, econ-
omy and political leaders alike. To address this issue properly, it is indispensable to gather
deeper understanding of related dynamics. The goal of the present work is to contribute to
this understanding.

Explicitly, I shed some light on the questions regarding how regional migrant networks can
be expected to influence future migration flows. I use official German government data on the
stocks of foreigners of specific nationalities in the 53 administrative municipalities in North
Rhine-Westphalia (NRW) over ten years to construct yearly migration flows into municipal-
ities by nationality (origin). Then I estimate the effect of regional diasporas on these flows
by means of ordinary least squares (OLS) and Pseudo-Poisson maximum likelihood (PPML)
estimation, using a full panel specification with multiple origins, multiple destinations and
several years. This allows me to control carefully for unobserved factors and decreases the
risk of misspecification and endogeneity. This reflects an improvement regarding existing
literature which mainly uses cross-sectional data (Beine et al. (2011); Grogger and Hanson
(2011)) or data including only one destination (Clark et al. (2007)). As such, the method
of this work is most closely related to the approach of Ortega and Peri (2013), who use a
similar panel specification to estimate the impact of migration policies. However, they do
not explicitly control for regional networks, which is the main focus of this work.

The contribution of this thesis is threefold: Firstly, I present different econometric ap-
proaches when dealing with imperfect data and econometric obstacles in the frame of gravity
equations of migration. Secondly, the work exploits a large and highly disaggregated panel
dataset of the recent development in German cities, which allows for the implementation
of fully-fledged panel methods to estimate the network effect. Thirdly, I extend the basic
framework by further factors to assess whether and how they impact upon the strength of
the network effect: I analyze the difference in localization choice patterns between refugees
and "traditional” migrants. I analyze in how far the level of economic development at the
origin country determines whether a migrant relies on a regional network in the destination
city. Finally, I present evidence for the relative importance of the assimilation channel (di-
rect support through local diasporas) and the policy channel (by qualifying for family reunion
programs) as carrier for network effects.

The remainder of this thesis is structured in the following way: Section 2 recaps typical

drivers of migration and discusses typical channels that underlie the network effect. Section



3 theoretically develops the econometric specification that is brought to the data, based on
a Random Utility Maximization Model of migration. Section 4 describes the dataset used,
its caveats and suited econometric strategies to deal with them. Section 5 presents baseline
estimation strategy and results, and various robustness checks. Section 6 presents three

different extensions of the baseline model. Section 7 concludes.

2 Determinants of Migration

Economic theory explains international migration, like its internal counterpart, by geographic
differences in the supply and demand of labour. It generally conceives the migration move-
ments as aggregation of individual income maximizing decisions. Countries with large en-
dowment of labour, relative to capital, have low equilibrium market wages. On the other
side, developed economies that are relatively capital abundant have higher equilibrium mar-
ket wages. The resulting wage differentials trigger migration of workers from low to high
wage economies (Harris and Todaro (1970); Lewis (1954) Ranis and Fei (1961); Michael P
Todaro (1976)). The heterogeneity of workers, for example in terms of human capital, must
be recognized in this framework. The return to human capital will be higher in a relatively
human capital scarce environment. Hence the flow of human capital must not be aligned
with the general flow of labour and people (Borjas (1987); Massey et al. (1993)).

Taking a more detailed lens, a microeconomic point of view regards migration as the
utility maximizing choice of an individual across different destinations compared to the sit-
uation in the origin country, given her characteristics. Individuals build expectations about
their future utility in different scenarios, and expectations related to the costs of migration.
Higher wage and higher return to a specific form of human capital incentivize migration. On
the other side are costs that the individual migrant would need to bear: the material costs
of travelling, legal costs, the costs of maintenance while resettling and looking for work, the
effort in adapting to a new culture (e. g. learning a language) and the psychological costs of
leaving family, friends and well-known environment behind and engaging in the risky endeav-
our to create something new. If this cost-benefit calculation leads the individual to expect a
positive net return to migration, she will migrate to the most favourable destination (Borjas
(1990); Massey et al. (1993); Sjaastad (1962); Michael P. Todaro (1969)).

In their seminal work, Massey et al. (1993) draw a conceptual distinction between the
conditions for the initiation of international migration and the perpetuation of international
migration. While several ex-ante factors like wage differentials, job opportunities, general
quality of life and different sorts of migration costs clearly play an important role in shaping
migration flows, migration itself reshapes the conditions in the receiving country. Hence the
conditions that initiate migration in the first place can differ from those that perpetuate
migration over time and space. Migrant networks have received the highest attention from
researchers as main driver of this process of cumulative causation (Massey (1990); Myrdal
(1957)). Networks of migrants at the destination can alleviate migration related costs and
risks. The first migrant who settles at a new destination has no network to draw support

from. Subsequently, every migrant who settles at a destination is inevitably connected to



potential future migrants due to kinship and friendship ties. Hence each migrant reduces
migration costs of someone else, and induces a change in the cost-benefit calculation of a
group of related non-migrants. In this sense, migration leads to higher migrant stocks and
higher migrant stocks in turn promote further migration. The migration process can be self-
accelerating, even when underlying push- and pull-factors remain unchanged (Beine et al.
(2015)).

Beine et al. (2015) emphasize two different main channels through which migrant net-
works influence migration patterns. The policy channel is related to the overcoming of legal
entry barriers imposed by the destination country. The EU Family Reunification Directive
(2003/86/EC) has created an EU-wide framework for the family reunification of third-country
nationals, or nationals of the relevant Member State, with third-country nationals. All na-
tional provisions concerning the family reunification of Germans or third-country nationals
with other third-country nationals in Germany are set out in Sections 27 — 36 of the German
Residence Act.

Under certain criteria, the presence of a relative can hence facilitate the administrative
procedure, offset legal barriers and decrease policy-related migration costs. This has naturally
a direct impact upon subsequent migration. The larger the number of people with ties to a
third country, the more people are potential candidates to benefit from the family reunification
program. Eligible under the German regulation are manly spouses, registered partners and
first degree relatives, but also more distant relatives under an additional set of conditions.
EU citizens generally benefit from freedom of movement as set out in the Act on the General
Freedom of Movement for EU citizens and are not regulated by the Residence Act.

The second channel through which migrant networks shape migration patterns was termed
assimilation channel. Much research has addressed the question how regional networks help
new arriving migrants and promote further migration. According to Massey et al. (1993)
network connections reflect some sort of social capital that can fulfill several functions for an
arriving migrant. Giulietti et al. (2013)) phrase the value of an ethnic network for migrants
in the following words: ” [...] metworks are known to facilitate the economic and social
integration into the host country by providing social support and useful information towards
finding employment. In fact, social networks play a dual role as a channel for information
and a substitute for specific skills needed in the host country — such as the language or the
knowledge of institutions — which immigrants, and especially those who have recently arrived,
might lack.”

Various contributions have proven those network effects (Beine et al. (2011); Beine and
Parsons (2015); Beine et al. (2011) Bertoli and Ferndndez-Huertas Moraga (2012) Munshi
(2003)) and discussed operating channels. Munshi (2003) shows that social networks at
the destination in the U.S are related to higher employment rates and higher paid jobs
among Mexican migrants who share the same origin community. Further, the networks
provide financial support and housing assistance for its members. Using survey data from
Sri Lankan residents in Milan, Comola and Mendola (2015) find additional evidence for the
assisting function of established networks for new-coming migrants. Based on administrative

social media data, Mayer and Puller (2008) find that common race is amongst the strongest



predictors for friendship between two college students, controlling for various other personal
and background dimensions. This research shows that a common origin can facilitate the
creation of new personal ties, for a multitude of reasons.

The creation of institutions and infrastructure is closely related to the assimilation chan-
nel. This can for example be in the form of an adequate religious infrastructure, enabling
migrants to maintain their religious habits; the creation of firms and job opportunities that
facilitates labour market entry of the newcomers; or other forms of ethnically and culturally
relevant constructs. One can wonder whether those institutions or the migrant networks
themselves are important for further migration. Naturally, any kind of ethnical institutions
would not develop, and can hardly persist in the absence of regional diasporas. Hence the
underlying definition of network effects should include a broad range of those factors, which
are due to regional diasporas.

Summing up, many reasons have been discussed why migrants might be more likely to
choose a destination where a diaspora of fellow countrymen already exists. The bigger the
diaspora, the higher is the chance that a random immigrant has ex-ante personal ties to
someone, which would then impact upon his decision to migrate to a certain destination.
Both, the policy channel through the relaxation of legal entry barriers and the assimilation
channel that eases integration after the crossing of the boarder are relevant in understanding

the impact of networks.

3 Micro-foundation: A Random Utility Maximization Model
of Migration

This section presents a model of migration choice across multiple destinations and derives
the micro-foundation for the econometric specification that is brought to the data in the next
section. The approach follows the canonical Random Utility Maximization model of migration
(RUM), that has been widely applied as micro-foundation for gravity equations [see Beine
et al. (2016) and Ramos (2016) for an overview|. The prospective migrant compares its utility
at home j with the utility at destination k, which is part of the set of potential destinations
k € D. If the expected utility gain at any destination is bigger than the migration costs, an
individual will migrate to the most beneficial option.

In line with the neoclassical model of international migration discussed in section 2, we
can describe the utility of an individual i, born in country j, who does not migrate in year t
with the following equation:

Uit =wh + Al + Aj + €. (1)

where w§- represents the part of expected utility that is due to monetary benefits in the native
country j, depending on the labour market situation and cost of living. I assume a common
trend in earnings at origin across all residents. A (amenities) reflects the country or city
specific non-pecuniary part of utility. It is useful to divide this component into time-persistent
factors A; (e.g. geographic location, fixed amenities, climate) and time-varying factors AE

(e.g. push factors, such as civil wars or environmental catastrophes in the country of origin).



6;’; represents the stochastic individual-specific utility component, introducing heterogeneity
into the model, which gives rise to distinct decisions within the pool of potential migrants in
the origin country. Analogously, we can define i’s utility if he migrates to city k by:

Uﬁc :wZ—FAZ—FAk—C;k—i—e%, (2)
where Cjt.k additionally encompasses the costs of migrating from origin j to destination city
k in year t. Al includes the time varying part of utility (e.g. attitudes towards migration,
public expenditure, institutions, security). Additionally, AZ, and Ay the share of expected
utility that is common to all destinations in Germany. wi represents then the city specific
monetary benefit, related to regional labor markets and costs of living.

The net utility of an individual i that decides to migrate from origin country j to the

German city k thus can be expressed by
Uspe = Ujje = lwi — wil + [(A), + Ap) — (A5 + 4))] = Cfy + [eji — €55, 3)

It is helpful to note that (3) is consistent with the classical categorization of push-, pull-
and intervening factors that is for example elaborated in Black et al. (2011). Better condi-
tions at a potential destination in economic terms (w!) and non-pecuniary terms (A! and
Ap) will foster migration, while improving conditions at origin (w?, Aé,Aj) will have a de-
celerating impact (and vice versa). Intervening factors (C’;fk), or the costs of migration, are
those that facilitate or restrict migration and create a sort of spatial disequilibrium, e. g. the
limited mobility of people. If an individual is willing to migrate, the net utility gain of mi-

grating must at least be large enough to recompense the migration costs, so that U]’Z —szf;- > 0.

The distributional assumptions on the stochastic term e;tk determine the expected prob-
ability that migrating to destination k, or staying at j, represents the utility maximizing
choice of any individual i. In line with the literature, the random term is assumed to be
independently and identically Extreme Value Type-1 (0,1) distributed. Following McFadden
(1974) on discrete choice problems, we then obtain the probabilities that individual i, born
in country j moves to location k in t as

explwy, + A}, + A — C%)]

it _ it _ :
P[Ujk N Illggc UJZ] ZZED exp[wzt + A; + A; — O;l] ’ 4)

and, similarly, the probability of not migrating as

. . explw} + AL + Aj]
PUI = max Ull] = : . 5
U3, 9ep il Y iepexplwl + Al + A — C;il] (5)

In (4) and (5) it becomes evident that a decrease in the attractiveness of alternative des-
tinations (decrease of the denominator) leads to an increase of migration from j to k. This
has often been illustrated by the thought experiment that Krugman (1995) made regarding
trade: if we would move two random countries to Mars while keeping their attractiveness

and accessibility unchanged, the migration flows between the two countries would increase



because migration to other destinations would become very costly. This phenomena has been
termed multilateral resistance to migration (MRM) in the migration literature (Bertoli and
Fernandez-Huertas Moraga (2013)).

By the law of large numbers, the ratio of migrants from j to k to the number of stayers
can be expressed as

P[U;t = max;ep U;lt]  my ea;p[w}fC + AZ + A — Cjtk]

= ) (6)

PIU = maxiep Ulf] — mjje explwt + AL + Aj]

or in logs

Inmyjg = [w, — UJ;’] + (A% + Ap) — (A§ + Aj)] — Cgt'k + lnm;'j' (7)

As a direct result of the distributional assumption on e;'»tk, the bilateral migration flow can
be described as a function of origin and destination characteristics only, where the denomi-
nators of (4) and (5) have cancelled out. The intuition behind this is, that the variation in
attractiveness of alternative destinations induces an equal, relative change of the number of
migrants from j to k and the number of stayers. This property is well-known as the inde-
pendence of irrelevant alternatives. McFadden (1984) argues that the assumptions allow for
the estimation of a choice model when only a subset of alternative choices is known to the
econometrician. This property is useful in this context, since the dataset contains only data

over a very specific subset of destinations: cities in NRW.

Nevertheless, it can be argued that the underlying assumptions are strong and might jeop-
ardize the chances that the model is correctly specified. If the assumption a la McFadden fails,
any econometric specification that does not control for MRM faces an endogeneity problem.
A simple example can illustrate this point: Consider the choice of European destinations for
potential migrants in Morocco. If the European economy faces a decline as a whole, this has
two impacts on the migration flow from Morocco to Germany. Firstly, migration decreases
because the attractiveness of Germany declines due to worsened labour market conditions.
Secondly, the relative attractiveness of Germany increases since alternative destinations, such
as France, [taly, Spain become less attractive. This would then lead to the underestimation of
the importance of economic development in Germany. This consideration shows that it would
be necessary to introduce a measure for all possible destinations to the estimation. Recent
contributions suggested different ways to deal with multilateral resistance in the framework
of a gravity model of international migration. Mayda (2010) addresses this issue by the in-
clusion of weighted average income per capita in the other destinations as a control for their
aggregated time-varying attractiveness. Ortega and Peri (2013) derive an extended version of
usual RUM model. Based on a nested logit model (Berry (1994) they add a correction term
that accounts for changes in alternative destinations. This is consistent with an econometric
specification with origin-year fixed effect. Beine et al. (2014) use destination-year dummies,
which allows them to partly control for the dynamic resistance terms. In this work, I account

for MRM on binational level by the inclusion of an origin-year dummy, which absorbs all



Germany-origin country specific factors. A city-year dummy will account for the arguably

less important MRM across German cities.

I proceed by decomposing the bilateral cost component Cjt»k in the following way:
Cly, = d + T} —~vin(1 + Mj,) (8)

where dz- reflects all binational, persistent and time-varying factors. Usual candidates
are geographical distance between origin and destination, reflecting transportation costs, the
presence of a common boarder, and measures for cultural distance, colonial ties and common
language, reflecting non-monetary costs. The variable T]t stands for the tightness of entry
laws and varies by year and origin country, but not by city.! That reflects general migration
policy changes in Germany, and origin country specific agreements at the same time (e.g.
EU east-enlargement, visa regulation or recognition of refugee status). I exploit the fact,
that policies and other migration cost determinants are common to all cities in NRW, while
the value of networks is region-specific. This comes in handy to account for all relevant cost
factors by the inclusion of an origin-year dummy into the econometric specification, if one is
to estimate the coefficient of the regional diaspora variable. The main variable of interest,
M]t-k reflects the diaspora size of a certain nationality in a city in t. A larger diaspora is
expected to reduce migration costs. I allow for non-linearity by taking the logarithm of the
network M]tk . As the size of the diaspora expands, the marginal impact of an additional
migrant declines. To guarantee finite moving costs along with the log-definition, one unit is

added to the diaspora size.?

Plugging the migration costs (8) in (7) leads to

Inmly = wh — wh+ A+ A — AL~ A — b~ T 4 4In(1+ M)Yy) + ol (9)

The bilateral gross migration flow hence increases in the size of the income differential, as
with the differential of non-pecuniary benefits. It decreases with bilateral migration costs and
with tighter migration laws, whereas the presence of a diaspora at destination can decrease
these costs and foster migration. The coefficient ~is henceforth the focus of interest in this
work.

In the following, I derive the econometric basic specification, consistent with the theoret-
ical result in (9). As the main interest here falls upon the diaspora variable, I firstly adopt a
somewhat parsimonious specification in terms of observable controls. I circumvent the usual
problems of misspecification by adding different dummy variables to the model specification
and therefore fully exploit size and panel structure of the dataset. Firstly, I introduce the
fixed effect u; =Inmjj— (A; +A;) —d§» —Tj'? , which essentially captures all, time-varying and

persistent, binational factors influencing migration from the country j to Germany, thus to all

"Municipal governments have only little impact on laws targeting migration and no leeway regarding
distribution of refugees.

2This approach has largely been implemented in related literature. Robustness checks show that estimates
are not impacted beyond the effect due to extension of the sample. See for example Bertoli and Fernandez-
Huertas Moraga (2015), Beine et al. (2011) or Beine and Parsons (2015).



German cities alike.? Further, I include a second fixed effect ph = wh + Al + Ay, that accounts
for all city specific pull forces. Time varying components are related to labour markets, level
of rents, social benefits or the attitude towards migration in city k. Time persistent factors
are for example location, climate, size and type of the city (large metropolis or small town-
ship). All those determinants are usually difficult to grasp with adequate observables, even
when much data is available. Introducing the fixed effects u§- and u};, the first econometric

specification becomes

Inmly, = ag + yin(1 4+ M) + pb + pj, + 15y, (10)

where nj-k represents a well-behaved error term with ]E(n;k) = 0. The implemented fixed
effects significantly decrease the risk of misspecification and biased estimates. The resulting
specification (10) is suited to analyse the network effect in the most precise way and reflects
the baseline approach of this work. Later, I will partially relax the fixed effect structure to
be able to estimate the impact of other origin-year varying factors. Accounting for inertia in
location choices, all explanatory variables considered are lagged by one year. In line with the

intuition, this specification delivers the best fit.

4 Dataset, Limitations and Econometric Strategy

4.1 Data

The data exploited in this paper originates from the Landesdatenbank NRW, a database that
offers official statistical data of the federal state North-Rhine Westfalia and is directly asso-
ciated to the German Federal Statistical Office. The main-dataset includes data on the size
of stocks of foreigners, covering 206 different nationalities in the 53 municipalities of NRW
over a horizon of ten years from 2006 to 2015.4 The data is originally gathered by the central
register for foreigners (CRF). Inter alia, this register collects data on nationality, place of
birth and place of residence in Germany of foreigners, who do not hold a German passport
and that stay at least three month in Germany.® The registration at the CRF is obligatory
and a necessary condition, when dealing with any kind of official authorities and the omis-
sion can be sanctioned.® The data can therefore be assumed to be relatively accurate. The
data on local networks is expanded by municipal data on GDP per capita, unemployment
rate, population, naturalization rates and living-space, which are likewise extracted from the
Landesdatenbank NRW. Further I use data on the total size of diasporas in Germany from
DESTATIS, the German federal office for statistics.

3In principle lnm§j should be treated as endogenous variable, as it is directly concerned by the amount
of emigrants 3, lnmz-l As in Beine et al. (2011), I disregard this problem by assuming that the outflow of
migrants is small relative to the number of residents méj.

4By constructing migration flows as the difference in stocks over two subsequent years, I lose the first year
of observations.

®Individuals who hold a German and a foreign passport are not considered.

5According to Gesetz iiber das Auslinderzentralregister (Law over the central registration system for
foreigners)



The exploited dataset brings along strength and weaknesses that emphasize the comple-
mentary value of this examination to existing studies. Firstly, I draw on yearly administrative
data, as opposed to many studies which use census data, collected only in longer time in-
tervals (Beine et al. (2014); Beine et al. (2015)) or cross-sectional approaches (Grogger and
Hanson (2011)). The longitudinal dimension of the dataset allows for the implementation
of fully-fledged panel methods, which are able to control much more carefully for usually
unobserved determinants of migration, coping with many of the econometrical challenges
that typically arise in this context (Ortega and Peri (2013)). Moreover, Beine et al. (2016)
emphasize that longer time periods are at odds with the assumption of the RUM model, that
the deterministic component of utility does not vary within the period. On the down side,
the short time-intervals between the observations could hamper the identification of effects,
given the large inertia in migration movements. The factors that mattered in the preceding
years could still matter in the current year.

Existing literature has shown that the benefits of networks decrease with geographic dis-
tance between network member and newcomer (Comola and Mendola (2015); Massey and
Aysa-Lastra (2005); Patacchini and Zenou (2012)). Much research on ethnic network effects
has used data on international migration flows (Beine et al. (2011)), or looked at the de-
velopment in large metropolitan regions (Beine et al. (2015)). The disaggregated nature of
the dataset on municipality level should thus be of advantage for the detection of network
effects, as for many of the channels through which networks operate, locational proximity
is a necessary condition. It could be argued that regional diasporas exert externalities on
other cities which are in proximity. I rely on the assumption that the main effect of diaspora

unfolds within the regarding city, and that regional spillovers are limited.

4.2 Measurement Error

On the down side, the structure of the data poses econometric challenges that must be
dealt with. The dependent variable in (10), the equation that is to be estimated based on
the derived RUM model, is the gross flow of migrants: the absolute number of individuals
moving from one place to the other in a particular direction. In the absence of data on direct
bilateral gross migration flows, these are approximated by the difference in stocks between
two subsequent years as migrants in, ~ stock; — stock;_1. This approach fails to account for
death, naturalization and out migration (return or internal migration) and can thus introduce

measurement error into the estimation. The following equation demonstrates this:

stock; — stock;—; = migrants_in, — migrants out, — death; — naturalisation, (11)

migrants__in, = stock; — stock;_; 4+ migrants_ out; + death 4 naturalisation; (12)

While (11) is the observed measure for the main part of this analysis, (12) would be the



theoretically justified concept. Hence, to derive the correct measure of migration from the
observed data on stocks, data on out migration, death rates and naturalization would be
necessary. Further, when it comes to the migrant stocks as explanatory variable, the relevant
measure should consist of people with a migratory background: residents that have kinship
or friendship ties to others, who are located abroad. By considering only those that do not
hold a German passport, we fail to capture a part of this group, e.g. those that hold a double
nationality, or those that have already been naturalized. Due to data constraints, I can only
account for naturalization for a subsample. Sufficient data to adopt a concept of migratory
background that would account for individuals naturalized before 2006, and for individuals
holding a double nationality is not available. I provide results based on an subsample ad-

justed for naturalization for robustnes purposes in section 5.1.

When it comes to death rates, appropriate data is not available neither. The results rest
on the assumption that death rates are relatively insignificant, compared to the number of
migrants, and do not pose major problems to the estimation. Birth does not pose a problem
as children of foreign born parents automatically hold both nationalities and hence do not
appear as foreigners in the data. At the same time, children younger than ten are unlikely

to exercise any network externalities.

Lastly, it is not possible to control for return migration, internal migration or migration
from Germany to third countries. In the presence of migration costs, the decision to move
to a particular country and to stay in that country are not the same (Ramos (2016)). Nev-
ertheless, gross flows, net flows and migrant stocks are closely related: Forces which attract
migrants to a certain destination (gross flow) might also increase their propensity to stay
at that destination (and hence increase stock and net flow). Subsequently, the constructed
dependent variable reflects both, the pull-forces and the stay-forces. Additionally, regarding
internal migration movements, the networks are also likely to play a role when it comes to
the redistribution of migrants who are already in Germany. The relevant concept, when
measuring the network effect of regional diasporas, becomes thus a question of definition.
Both, in migration and out migration should be affected by networks at the city level, and

the development of stocks contains relevant information about both mechanisms.

All in all, the measure for migration adopted here can be expected to be smaller than
the true gross migration flows. Nevertheless, the measure obtained represents a reasonable

approximation for the concept at stake and should allow to derive robust conclusions.

4.3 Zeros, Negative Values and Heteroscedasticity

Another problem, resulting from the approximation of gross flows by variations in stocks, is
the occurrence of negative flow values. Due to return migration, death and naturalization
the obtained measure is smaller than zero for some city-country combinations in some years.

By definition, the gross migrant flow is non-negative and the usual log-log specification of the
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log-linearized pseudo gravity model does not allow for negative values. The descriptive stats
in table 1 reveal that the share of observations with negative flows lies over one fourth of
the total dataset and is thus relatively important. Former research has either excluded those
observations from the sample (Beine et al. (2011)), set them to zero (Bertoli and Fernandez-
Huertas Moraga (2012)), or added them to the proxy for the flow in the opposite direction,
assuming unanimous return migration (Beine and Parsons (2015)). All those approaches are
merely imperfect solutions in response to limited data availability. This analysis applies the
usual approach of a truncated regression, dropping observations with negative flows. This
is likely to lead to some sort of sample selection bias: it must be assumed that there is a
correlation between the covariates and the probability that the bilateral flow is smaller than

zero. I carry out robustness checks to address this issue in section 5.

A related problem, which has received broader attention in trade and migration litera-
ture, is related to the occurrence of the many zero values, both for flows and stocks in the
dataset. Firstly, it must be noted that, while posing technical problems to the estimation,
this observation is fully consistent with the theory. Migration costs might be restrictively
high for some origin-destination combinations. Consequently, we obtain quiet coherent series
with zero migration and stocks for some city-country combinations across time, where the
populations are rather low or/and migration costs high (e.g. Andorra or Samoa). The usual
OLS regression will drop those observations, as the log specification of the dependent variable
leads to undefined values in those cases. Dropping zero observations in the way that OLS
does it, potentially leads to sample selection bias. The goal of this work is to explain mi-
gration streams based on the regressors in the model. The probability that a migration flow
is smaller than zero or zero depends on the covariates, hence the usual OLS estimators that
drops those values is likely to be biased.” In fact, with 45563 nearly half of the observations
of the dataset show zero flows. Instead of throwing away these observations, other methods
have been discussed in the trade literature, such as adding one unit to the dependent vari-
able, or replacing the zero observations by a small arbitrary value [see Frankel et al. (1997)
for a survey of the procedures|. However these methods will generally lead to inconsistent
estimates of the parameter of interest, while the extent depends on data and model structure
(Frankel et al. (1997); Santos Silva and Tenreyro (2006).

Next to the sample selection bias, Santos Silva and Tenreyro (2006) emphasize a second
issue resulting from the log-linearization of (6). They make the point that a well-behaved
error term with IE[n;z] = 1 for estimating the multiplicative gravity model in (6) does not
imply that E[ln(n;x)] = 0 after the log-linearization in (7). The expected value of In(n;i)
depends on higher moments of the distribution of 7;z;, including its variance. Thus, in the
presence of heteroscedasticity, it will be correlated with some of the covariates. This in turn
invalidates one important assumption of consistency of OLS estimates. It is important to
note that this kind of heteroscedasticity cannot be dealt with by simply applying robust

standard errors along with the OLS estimation, since it affects the parameter estimates

"Similar to the issue related to negative values discussed above.
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themselves. Consequently, they show that, even controlling for fixed effects, the presence
of heteroscedasticity can generate strikingly different estimates when a gravity equation is
log-linearized, rather than estimated in levels. The results which are presented later generally
support that finding in this context.

Santos Silva and Tenreyro (2006) propose to estimate the original multiplicative form of
the equation in levels, using a Poisson pseudo maximum likelihood (PPML) estimator. They
show that the PPML estimator produces unbiased estimators in presence of heteroscedasticity,
even when the data does not follow a Poisson distribution. Besides it allows to circumvent
sample bias by the inclusion of observations with zero values of the dependent variable, here
the migration flows, since there is no need to take its logarithmic form. Evidence based on
Monte Carlo simulations shows that PPML performs strongly in datasets with a large number
of zeros and heteroscedasticity (Santos Silva et al. (2015), Santos Silva and Tenreyro (2011)).
At the same time, it allows for the same intuitive elasticity interpretation of coefficients as
of the conventional OLS estimation with the log of the dependent variable. Therefore, in the
subsequent section I will use the PPML estimator as main estimation strategy.

On a more technical side the PPML estimator, together with the specification with many
fixed effects can pose estimation problems to statistical software. Several numerical issues
can avoid convergence when calculating maximum likelihood estimators [see Santos Silva
and Tenreyro (2010); Santos Silva and Tenreyro (2015) for a detailed discussion]. This
work is conducted with Stata 12 SE. In fact, the usual Stata commands — poisson — and
its panel version — xtpoisson — do not achieve convergence in the given set-up. For the
following PPML estimations, I use the user-written command -ppml - (Santos Silva and
Tenreyro (2015)). This command applies the routine proposed by Santos Silva and Tenreyro
(2010), while it is able to deal with several high-dimensional fixed effects. Explicitly, the
routine guarantees the existence of estimates by dropping problematic regressors. If any of
the regressors that are dropped is a dummy variable, by default — ppml — will drop the
observations with the less frequent value of the excluded dummy. This is done to prevent the
observations identified by the dropped dummy from being treated as part of the base category.
The aforementioned explains the slightly differing sample sizes for alternative specifications.
Using the same command with a less demanding structure of fixed effects delivered the same
results as the integrated commands — poisson — and — xtpoisson —, and can be regarded
as a reasonable approach to the issue at hand. However, the not random shift in considered

sample could potentially introduce limited sampling bias to the estimates.
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5 Baseline Regression Results and Robustness Checks

5.1 PPML, OLS and Fixed Effects

Table 2 presents estimation results of the basline model, that focuses solely on the role of
networks. In column 1 I estimate the network effect with one-dimensional city, origin country
and year fixed effects. Column 2 reveals that adding the multiplicative city-year fixed ef-
fect, controlling for city specific, time varying pull-factors does not impact much upon the
coefficient. This is likely due to the fact that change on city level is rather slow and much of the
difference in attractiveness between cities is absorbed by the time persistent city fixed effect,
while the year fixed effects absorbs general development attractiveness of German cities as
migration destination. In column 3, I add a multiplicative origin-year fixed effect that absorbs
all time varying forces that cause migration in the origin country, the so-called push-factors.
The result indicates that controlling for those origin-year varying factors is more important
in this context: The estimated coefficient of regional networks decreases from around 0.77, in
the first two specifications, to 0.7 when controlling for those factors. Column 4 presents the
preferred, and theoretically justified specification with, both city-year and origin-year fixed
effects, hence controlling for all relevant push- and pull-factors. I omit the one-dimensional
fixed effects, since they are entirely absorbed by their two-dimensional counterpart in this
specification. The resulting coefficient indicates that a 10 percent increase in the diaspora
size is associated with a 7 percent increase in migration in the subsequent year. The model
explains 85% of the observed variance in migration flows, expressed by Efron’s pseudo R? for
maximum likelihood estimations. This result is reassuringly consistent with findings of other
papers which estimated this network effect based on structural gravity models (Beine et al.
(2011); Beine and Parsons (2015); Bertoli and Fernandez-Huertas Moraga (2012)). In their
survey of related work, Beine et al. (2016)) state that this elasticity typically lies around 0.7
for migration to OECD countries.

A further option for the econometric specification would be the additional inclusion of a
city-origin fixed effect, controlling for any dyadic time-persistent factors that affect migra-
tion flows. As argued in section 3, I control for binational factors by the inclusion of '“3"
which should be largely more important in this context. Additionally, the estimation of such
a model delivers counter-intuitive results, indicating that the aforementioned specification
would be too demanding, given the variability in the data at hand. In fact, the descriptive
statistices in table 1 demonstrate that the major part of variability in the data is due to

variation across stocks. I report the results in the appendix.

Next, I address the concern related to potential measurement error when calculating the
migrant flows based on the observed stocks of migrants in the cities. As discussed in section
4, the biggest concern when measuring the development of migrant population in cities are
arguably the high and heterogeneous naturalization rates across different diasporas. Intu-
itively, the naturalization rates for the relatively old Turkish diasporas are higher than for
diasporas which developed in recent years, e.g. Syrians in Germany. The failure to correct

for different naturalization patterns could bias the estimates of the network effect. I dispose
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Table 2: Baseline Regressions and Robustness Checks

1 2 3 4 5 6 7
dependent var.  flow flow flow flow flow flow>0 In flow
Lagged In JTGARKHER TTARFRE 6063 TO40**K TIOTHR 6719% K 35324k
diaspora (.0203) (.0169) (.0167) (.0131) (.0137) (.0133) (.0082)
City FE yes yes yes no no no no
Origin FE yes yes yes no no no no
Year FE yes yes yes no no no no
Year*Origin FE no no yes yes yes yes yes
Year*City FE no yes no yes yes yes yes
(pseudo) R™2 .8394 .8523 L7799 .8498 .8343 .8552 7414
Nb. obs. 76209 76209 64879 64879 30958 30506 30646
Dataset full full full full na,"c ' full full

adjusted
Method PPML PPML PPML PPML PPML PPML OLS

Note: Standard errors are in parenthesis. *** ** * gignificant at 1%, 5%, 10% level. Standard errors calculated as
Efron’s pseudo R? for maximum likelihood estimations. Flows are calculated as the difference between the regional
diasporas in two subsequent years.

of data on observed naturalization rates for a subset of 89 nationalities. I augment the yearly
observed diasporas by the aggregated sum of naturalized citizens for each nationality. It is
not possible to observe whether naturalized individuals stay in the city where they have been
naturalized in subsequent years. I assume that people which qualify for naturalization are
relatively immobile, given that they spent already several years before in Germany and likely
created relatively stable living conditions. Further, those that leave a city might be coun-
terbalanced by incoming individuals that have been naturalized elsewhere and hence are not
identified as migrants in the dataset. Comparing column 4 and 5 reveals consistent coefficient
estimates for both datasets, while the number of observations drastically shrinks due to data
constraints regarding naturalization rates. I will henceforth draw on the full dataset for the

following estimations.

Lastly, comparing column 6 and 7 points out another interesting result. Section 4.3 advo-
cated the PPML estimator for two different reasons: Firstly, it is less prone to sampling bias
since it includes observations with zero flow into the estimation, which are naturally excluded
by the OLS approach, due to the log-specification of the dependent variable. Secondly, it
delivers consistent estimates in the presence of heteroscedasticity in the framework of gravity
models. I estimate the same specification respectively with OLS and PPML, and limit the
sample for the PPML estimation to the same subsample of observations with positive flows.
The estimated coefficient of networks is nearly twice as large when estimated with PPML.

This finding suggests that the second, heteroscedasticity-related reason might be the more

8The sample sizes slightly deviate because the algorithm used for the PPML estimation drops observations
that prevent the estimation from converging.
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important one in this context. The result is in line with the literature that revealed similar
results based on simulations (Santos Silva and Tenreyro (2006), (2015)).

5.2 Rolling Regressions with Different Flow and Stock Thresholds

Table 3 presents further robustness checks of the baseline model. One concern is that the
estimation might suffer a sampling bias, and consequently be inconsistent. As discussed in
section 4, former research has essentially excluded observations with negative flows from the
estimations. This could introduce correlation between the covariates and the error term.
To shed some light on how sensitive the estimated network coefficient reacts to this issue, I
estimate the basic model with origin-year and city-year fixed effects, excluding observations
with small flows at different thresholds (flow>-1; flow>0; flow>5; flow>10). I exploit the fact
that the transition from positive to negative flows is gradual and negative flows are small in
average, with a mean of -10.85. Therefore, I argue that observations with small positive flows
are likely to resemble those with negative flows in other relevant characteristics. Column 1
to 4 show the results, starting with the largest possible sample, considering all non-negative
flows, and gradually augmenting this threshold. While the sample size quickly shrinks with
increasing threshold, from 76209 observations at flow>-1 to only 8673 observations for which
the migrant flow is bigger than 10, the estimated coefficient of regional diasporas remains rel-
atively stable at around 0.7. This result is reassuring regarding the potential sample selection
bias, as it indicates that the estimated coefficient reacts not very sensitive to sample selection
based on the size of flows. The consistent downward trend of the coefficient with augmenting
threshold, however indicates that the network coefficient estimates could be slightly upwards
biased. Yet, this represents only an indication since observations with negative flows could

be substantially different.

Another source of concern is related to the frequent occurrence of pairs of zero obser-
vations in the dataset. For a large part of the dataset, stocks and flows in a given year
are zero for some nationality-city combinations. This can either be due to small destination
cities in terms of population, or due to remote or small origin countries that generally don’t
send many migrants to Germany. In both cases migration costs become prohibitively high.
Consequently, these observations qualify only to a limit degree to draw conclusions about
networks. The descriptive statistics in table 1 reveal that roughly half of observations in the
dataset have zero sized diasporas, and again for nearly 96% of those, the subsequent migra-
tion flow is zero. Spurious correlation between these two variables could be the consequence.
To address this concern, I follow the same strategy as before. I re-estimate the baseline
model with different thresholds for the minimum network size in a city. Again, demonstrated
in columns 5 to 9 of table 3, excluding zero stocks, or dropping small stocks does alter the
estimated coefficient very little, while the sample size decreases significantly. Further, it can
be conjectured that the network effect is driven equally by small and large networks, as the
estimated coefficient changes little, even when limiting the estimation to networks with over
500 individuals.
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5.3 Endogeneity and Shift-Share Instrumentalization

Short of a randomized experiment in which regional stocks of migrants are varied across
cities and time exogenously and randomly, I cannot rest assured that the regressions ran,
necessarily reflect causality between regional networks and subsequent migration. This is
especially a concern when estimating network effects as the presence of a network is just
the consequence of aggregated past migration. Unobserved factors could have triggered past
migration streams and future migration streams alike. The result would be the correlation of
the error term of the estimated model with the diaspora size, thus endogeneity that leads to
an inconsistent (and likely upwards biased) estimate of the network coefficient. Additionally
Beine et al. (2016) point out that endogeneity could also arise from some kind of reverse
causality when flows are computed from stocks. The usual way forward to tackle this issue
would be the implementation of an instrumental variable strategy: Replacing the critical
network variable with a variable that is correlated with stocks but arguably uncorrelated
with future migration flows.

Several instruments have been used in the related literature to dispel those endogeneity
concerns. Beine et al. (2011) and Beine et al. (2014) used the presence of guest-worker
programs to instrument the present network sizes. The idea is that a guest-worker programs
in the past are related to larger present networks, while not having an impact on future
migration beyond. Munshi (2003) uses the rainfall in the origin-communities as instrument
for the level of migration. They argue that rainfall is negatively correlated with out-migration
at origin, while being unrelated to US labor market shocks.

Due to the panel nature of the dataset, the identification of an appropriate external
instrument becomes very difficult. The applied approaches are only suitable instruments
when dealing with a cross-section of data, as they cannot instrument stocks that vary over
time. Hence it would be necessary to find an adequate instrument for each year of the panel
which excludes typical exogenous shocks, such as guest-worker programs.

One alternative that has been largely applied in regional economics is the so-called shift-
share instrumentalization (Ottaviano and Peri (2006); Ruist et al. (2017)). To implement
this strategy, I use data on the total national diasporas in Germany by origin and year,
originating from DESTATIS.? By multiplying the regional stock of migrants from origin j in
city k in 2006, the first panel year observed, with the growth rate of the total diaspora of
origin j in Germany between 2006 and t, I obtain an internal instrument for regional diasporas
for each year. I exploit the fact that I have data on the disaggregated stocks in NRW, as
well as on the development of total stocks by origin in Germany. This instrumentalization
procedure thus generates local and temporal variation by exploiting variation in national
inflows, which are arguably less endogenous, regarding local dyadic factors. At the same time,
the national development is naturally a good predictor of the local migration dynamics, and
hence computed stocks are correlated with the observed stocks. In the absence of suitable

instruments this presents a merely imperfect solution to the issue at hand. Nevertheless, it

9The Federal Statistical Office of Germany
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decreases the potential for endogeneity and represents a further robustness check.
Firstly, the growth rates of national diasporas for each year and origin country with

respect to its stock in 2006 are computed according to the following formula:

t t=6
M; — M;

t=6;t _
j - t=6
Mj

9; (13)

Then I proceed by computing the instrumented diasporas for each year t by multiplying the
observed diaspora in 2006 M ](,226) with 1 plus the growth rate of the national diaspora during
that period

M = M5« (1+ g7 (14)

I then estimate (10) instrumenting the observed local diaspora by the shift-share instru-
ment. The downside of this approach is related to the relatively short panel (9 years). The
shift-share procedure can be problematic, especially given the inertia of location choice in the
context of migration. Additionally, the change in migrant stocks is naturally small relative
to their size, and the main share of variability in the data stems from variation over diaspo-
ras; only little is due to the variation of diasporas over time. The growth rates of regional
diasporas and those of national diasporas show only a correlation of 20%. Thus, while the
national development clearly matters for regional diasporas, many other factors at the city
level play likewise. By its construction as a combination of observed regional diasporas, and
national growth rates, the shift-share IV closely related to the potentially endogenous network
variable. In fact, the correlation between observed diasporas and computed diasporas lies at
99.29%. This in turn poses a problem regarding the exclusion restriction of the instrument,
as it is likely to suffer the same problems since the instrumented variable. It is therefore

unlikely that the instrument will entirely solve the endogeneity problem.

Table 4 presents the familiar PPML result and the related PPML-IV estimation. For
technical reasons, I estimate the specification with separate city, origin and year fixed ef-
fects.!® As shown in section 5.1, this has only a minor impact on the estimated network
coefficient. The instrumental strategy produces a significantly smaller estimate of the regional
network effect. This indicates a correlation of the observed network variable with the error
term of the baseline model. Relevant unobserved drivers of migration seem in average to
be positively correlated with the network variable. This finding lends some support to the
ex-ante expectation: The estimated coefficient could be upwardly biased and overestimate

the importance of networks in this context.

6 Model Extensions

In the following section, the baseline specification will be extended to address different em-
pirical questions that will shed further light on the functioning and importance of migrant

networks. While the data structure allows to consider broader aspects, the main focus of

0The preferred specification with two-dimensional fixed effects leads to convergence issues when estimating
the PPML-IV model.
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Table 4: Shift-Share Instrumentalization

1 2
dependent var. flow flow
0.765%**  4403***
(0.0019)  (.0237)

Lagged In diaspora

City FE yes yes
Origin FE yes yes

Year FE yes yes

Nb. obs. 76209 66725
Dataset full full
Method PPML IV-PPML

Note: Standard errors are in parenthesis. *** ** * gignificant at 1%, 5%, 10% level.
Flows are calculated as the difference between the regional diasporas in two subsequent years.

this analysis will remain on the network effect of regional diasporas and their impact on sub-
sequent migration patterns. Firstly, I investigate whether potential refugees show different
migration and agglomeration behaviour than conventional, economic migrants. Secondly, I
will add data on HDI and GDP per capita in the country of origin. In this way, I analyse
how far migrants originating from more or less developed, or wealthy countries (based on
HDI/ GDP) differ in their reliance on diasporas. Thirdly, following the approach of Beine et
al. (2015), the importance of assimilation and policy channel (especially family reunification

programs) is disentangled, exploiting data on regional and national diasporas.

6.1 Introducing Origin-specific Control Variables

In all three cases I add a variable that varies with origin country and year to the econometric
baseline specification in (10). When estimating the coefficient of such a variable, it is indis-
pensable to exclude the origin-year varying fixed effect from the specification, since it would
entirely absorb coefficients of all other origin-year varying covariates. This comes at the cost
that not for all relevant origin-year varying factors might be accounted anymore, leading
to misspecification of the model. Those factors include push forces in the origin country
and time varying, binational determinants. An estimation that falls short in accounting for
these determinants is likely to suffer endogeneity and to produce biased estimates. The panel
structure of the dataset allows me to replace the origin-year fixed effect by a one-dimensional
origin dummy. This dummy will account for all factors that are persistent during the 9-year
period of consideration, and will hence deal with most issues related to migration costs in
physical and political dimensions, which tend to stay relatively stable. Nevertheless, if one
is to estimate the impact of origin-year varying factors in this context (e.g the impact of war
or HDI on the network effect), it becomes key to introduce adequate control variables which
account for the remaining time-varying component.

With this in mind, I introduce a set of observed control variables. First, I add the
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logarithm of GDP per capita at origin, its quadratic term to account for credit constraints
at origin (GDP;;GDP?':) (Belot and Hatton (2012); Mayda (2010)), and (HDI;?).11 Next, I
create a dummy variable that takes the value of one, if a country is part of Schengen and
zero otherwise, reflecting the related decrease in legal migration costs (schengen?). I use data
from the latest version of the PRIO armed conflict database (Gleditsch et al. (2002)) that
contains all armed conflicts in which at least one party is the government of a state. A war
dummy takes the value one if an armed conflict that caused more than 999 deaths within one
year takes place in the respective country (warz-). Finally, I retrieve data from the Freedom
House database on political rights and civil freedom. I take the mean of both dimensions

that ranges from one (not free) to seven (entirely free) (free}).!?

While serving as control
variables in all extensions, I will draw on the same data to investigate potential moderating

effects. The econometric specification hence becomes:

In mék =a+7vyin(l+ thk) + 51 GDPE — B2 GDP?t — B3 HDI;- + B4 Warz
+ B35 schengen’; — B free’ + pj, + 1. (15)

Hereafter, I will refer to the whole set of observed origin-year varying variables as the
vector O; to shorten notation. It has to be noted that (15) deviates in a second point slightly
from the theoretically justified specification (10), since it does not properly account for the
share of residents In m;j*. This will be partially resolved by the inclusion of origin country

fixed effect pu;.

UTnternational data on GDP per capita and HDI retrieved from the World Bank.
12Freedom House. 2016. Freedom in the World, 1973-2016.
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Table 5: Extensions

1 2 3 4 5 6 7
Destination
L In diaspora JT040%F*F TTARKFHRR 7621 TTHTHRHR* .0332 36517F** T2647F*
' (.0130) (.0169) (.0174) (.0169) (.1132) (.0665) (.0214)
L. national
diaspora ~0016
(.0835)
Origin
7403%%* 1.4848%** ST3317HF* 1437
war (.0817 (.2389) (.0808) (.0788) 66017+
(.0807)
war*
kksk
L.In diaspora _(éigi
In GDP/c 11.8129***  11.8417***  12.8256***  12.9954***  10.0269***
(1.1926) (1.1942) (1.2334) (1.2426) (1.2646)
~ -.6148%*** -.6144%** -.69307%*** -.6798%** -.5322%**
(In GDP/c )72 (.0613) (.0615) (.0642) (.0634) (.0664)
In GDP/c *
*oHok
L.In diaspora (0515125)
hdi -14.4764%F%  _14.5175%FF  _14.3187FF*  _17.2062*%**  -11.9371***
(2.2626) (2.2820) (2.2552) (2.3047) (2.6240)
hdi *
.5228
L.In diaspora oAk
(.0832)
Schengen 2141%%* 2107H%* .1836%* 1979%*
(.0819) (.0818) (.0811) (.0813)
Political Rights/ -.1026%** -.101 1% -.1005%* -.0989** _91497%%*
Civil Freedom (.0406) (.0403) (.0403) (.0401) '
(.0386)
Origin FE no no yes yes yes yes yes
Year* City yes yes yes yes yes yes yes
Year* Origin yes no no no no no no
pseudo R™2 .8498 7188 7576 7585 7578 7582 7427
Nb. obs. 64879 74312 53704 53704 53704 53704 41193
Dataset full full full full full full full
Method PPML PPML PPML PPML PPML PPML PPML
Note: Standard errors are in parenthesis. *** ** * significant at 1%, 5%, 10% level. Standard errors calculated as Efron’s pseudo R2

for maximum likelihood estimations. Flows are calculated as the difference between the regional diasporas in two subsequent years. All
covariates are lagged by one year to account for inertia in location choices.
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In the first three columns of table 5, I test whether the introduced origin country specific
variables adequately control for push-factors. Comparing the first two columns shows that
controlling for country-related push-factors is important: Dropping the origin-year dummy
biases the network coefficient upwards. The respective share of observed variability that is
explained by the model, measured by Efron’s pseudo R? for maximum likelihood estimations,
decreases by around 13 percentage points, compared to the full specification. Column 3
presents the first set of results. I introduce the full set of origin-year varying observables.
Compared to column 1, we see that this specification naturally falls short in accounting for all
factors formerly covered by the fixed effect /‘E" The R? remains clearly under the value, but
does increase by around 4 percentage points compared to the model without any controls.
Similarly, the coefficient on networks moves slightly towards the value estimated by the full
specification in column 1. This result gives rise to some concerns and indicates that the
subsequent estimations could be biased due to omitted variables. That highlights the typical
difficulty to account for all relevant push-factors in the origin country by observable control
variables.

Nevertheless, it is reassuring that the relative change in coefficient between columns 1
and 3 remains moderate and all coeflicients are significant at the 0.01 level, with their signs
going into the expected directions. Column 3 can hence be considered as the next set of
results: a war in the country of origin leads to more migration from this country in the
subsequent year. This positive coefficient absorbs both, push factors that force people out of
the country, and a decrease in policy related entry costs as the asylum procedure decreases
usual policy costs, e.g. the application for visas. Secondly, the non-linear effect of GDP per
capita at origin is in line with the theory of credit constraints to migration. Many people
can simply not afford to migrate to Germany as the related monetary costs are too high.
Hence the initial increase in economic welfare empowers people to migrate. Eventually the
decreasing push force, related to improving economic condition in the origin country, starts
to impact negatively on out-migration. The large coefficient of HDI can be explained by
the definition of HDI between 0 and 1. Improving conditions in the origin country clearly
decrease emigration, once accounted for potential credit constraints. The positive estimated
coefficient of the Schengen dummy highlights the migration fostering effect when policy costs
decrease. Finally, the variable measuring the degree political and civil freedom shows as
expected a negative coefficient. Freedom can be seen as a part of country specific utility that
renders a country more attractive and hence "pushes” fewer out.

Next, I will precede by extending (15) in three different ways and present the empirical

results.

6.2 Location Choice of Refugees

The refugee crisis that slowly developed with the riots in Syria in 2011 and peaked in 2015
has governed the political landscape in Europe and worldwide ever since. In 2008 Eurostat
reported 225 150 people who sought asylum in a country of the European Union. Till 2011 this
number rose to 309 040 and peaked in 2015 with 1 322 825 asylum applications in Europe.
While France was the preferred destination till the end of 2011, Germany outstripped it

23



largely in the subsequent years, driven by a comparatively open refugee policy. In 2015
Germany received nearly one third of all asylum applications to European countries, roughly
six times as many as France in the same year (Eurostat, 2017). The structure of migrant
inflow in Germany shifted thus from predominantly economic migrants, seeking for income
opportunities, towards a larger share of refugees in recent years. In this context, it is clearly
policy relevant to understand whether one can expect the localization patterns of refugees
to differ from those of ”conventional” migrants. Differences could stem from either dif-
ferent preferences of refugees on the one hand, or from policy induced legal burdens (like a
mandatory reallocation mechanism of refugees) on the other.

Several factors can give reason to expect different localization patterns. For once, the
preceding conditions of people who leave their country of origin during war time clearly differ
from those of other migrants. War is generally unpredictable and concerned individuals are
often left with only little time to prepare their escape. They must leave financial resources
behind and leave with insufficient information regarding travel and destination. A priori,
there is no clear expectation evident about the sign of the effect. Refugees could rely more on
friendship and kinship ties of regional networks, as they reflect the most credible and accessible
way to gather upfront, destination-specific information. On the other hand, the destination
of a refugee might be more determined by random factors and sudden opportunities, since
rational decision-making could suffer from difficult surrounding conditions.

On the policy side, refugees are generally not free to self-select their city of residence
after their arrival in Germany. According to the “"Koénigsteiner Schliissel”, which is the basis
for the distribution mechanism of refugees in Germany since 1993, they shall be distributed
over the federal states to two third relative to their tax revenue and to one third to their
population. At the point of first contact they will be registered and subsequently allocated
to their final destination, according to the regarding quotas. Only parents and their children
have the right to be reunified at the same location. After the assignment, the concerned
must remain at the refugee camp till the asylum proceedings are finalized, which can take up
to 6 month. Hence it can be expected that the network effect is smaller when the freedom
of location choice is limited both in the short term (direct obligation) and in the long-term
(region specific adjustment cost already borne at determined location).!3

The dataset allows me to investigate these questions at hand with recent data from
German cities. I use the introduced dummy Warz as an indicator for whether a migrant
qualifies as refugee. It can be expected that an individual migrant who comes from a country
that recently hosted a war has higher average chances to be granted the refugee status in
Germany. Hence the war dummy can be considered as a good proxy for the migrant status of a
given immigrant. I extend equation (15) with an interaction term of this war dummy with the
diaspora size. Estimating the coefficient of this multiplicative term allows to analyze whether
the network effect differs for potential refugees. The econometric specification becomes then

the following:

13See the website of the German Ministry for Refugees and Migration offers more detailed
information on the distribution system: http://www.bamf.de/DE/Fluechtlingsschutz/AblaufAsylv/Er-
stverteilung/erstverteilung-node.html .
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In table 5 column 4, I present the results for the first extension. As discussed in section 6.1
the results should be considered with caution, as it is likely to suffer some degree of omitted
variable bias. This remark weighs similarly for the following 2 extensions. Further, it must be
noted that the interpretation of interaction effects in non-linear models is not straight forward.
They are not stable and vary with covariates. Especially when the estimated coefficients are
relatively small this can lead to fallacious conclusions. Presented results should hence only be
considered as an indication for the underlying effect (Ai and Norton (2003); Greene (2010)).
I find that the network effect of regional diasporas decreases for migrants originating from a
country in conflict. With the given data, it is impossible to disentangle which share of this
effect is policy induced (limited self-selection in location decisions) and which part is due to
heterogeneous preferences of refugees. Further I cannot evaluate whether, laying the negative
impact of policy interventions by side, refugees tend to agglomerate more or less than other
migrants. One promissing way forward could be to consider different refugee crisis, where a
stronger or weaker reallocation mechanism was in place. In this way one could disentangle
the policy channel and the true preferences of incoming migrants. Another interesting path
could be to analyze micro data on the mobility patterns after the period of obligation once
residence permit is granted. This direction of research could answer whether the allocation
mechanism has only temporary effects or does shape the distribution of migrants that came

as refugees in the long term.

6.3 Interaction with HDI/GDP in Origin-country

Related literature has dedicated considerable effort to investigate the sorting function of
networks. McKenzie and Rapoport (2010) found evidence for a higher value of networks
for low-skilled migrant. In line with that, Beine et al. (2011) identify patterns of sorting.
Explicitly the network effect is found to be stronger for less educated migrants. Giulietti et
al. (2013) find that the less educated are more likely to obtain employment through personal
contacts within a network. The general line of argument that lies behind can be sketched
in this way: In average, less educated and less wealthy migrants face higher migration costs.
Local networks decrease migration costs. In consequence, unskilled and/or poor migrants
tend to rely more on those networks. Potential drivers can for example be credit constraints
or language deficits.

Subsequently, I extend equation (15) in turn by two interaction terms to analyze whether
the dataset at hand grants confirmation to preceding findings. Firstly, I interact the regional
diaspora size with the log of GDP in the country of origin. Secondly, I interact the regional
diaspora size with the HDI value of the origin country. Ex-ante, I expect for the coeflicient
of both interaction terms to have a negative sign, since a higher state of development should
increase average skill-level amongst migrants and decrease reliance on networks. This leads

to the following equations:
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It is obvious that both measures capture many different effects. Therefore, it is difficult
to break down any results into clear causal channels. GDP per capita has been used to
proxy for a broad array of factors. For once, wealth generally only plays a role when it is
devoted to a cause. Secondly, it is closely related to an array of other factors, such as domestic
political conditions and the development of financial markets. For decades, the GDP has been
the main tool to measure the state of development of a nation, in all relevant dimensions,
including education and health. The later created, more inclusive human development index
adds health in terms of life expectation at birth, and education, as the average years of
schooling at the age of 25, to the purely economic dimension. By controlling for the domestic
political situation through the war and freedom measures we can purge most political effects
out of the estimated coefficients. Additionally, when estimating the GDP interaction, HDI
will control for the health and educational dimension. Vice versa GDP will control for the
economic dimension of the HDI. However, the estimated models remain rather descriptive in
nature and largely cover similar constructs of determinants, only differing in their weights.

A second issue relates to the heterogeneity within a country. GDP and HDI are by
construction equal for all nationals. In the presence of some sorting mechanism, those that
migrate could systematically differ from those that do not. Both constructs would then
embody only little information about migrants. I assume that both measures are reasonable
approximations for the average level among migrants.

Table 5 column 5 shows the results for the estimation with GDP-diaspora interaction.
I find that the network effect tends to increase with higher GDP at origin. At the same
time the network coefficient becomes very small and insignificant. Emphazising the discussed
underlying endogeneity issues.

Table 5 column 6 presents similar results for the HDI variable. The effect of a larger di-
aspora increases with higher HDI at origin. Additionally, the coefficients of the war dummy
and GDP at origin are not estimated statistically significant any more, while their size re-
mains stable. This is likely due to collinearity of the different origin-year varying measures,
as discussed above. Especially when omitted variables are likely to play a role, it is diffi-
cult to empirically disentangle the effects of the various determinants, since they are highly
correlated.

Disregarding the doubts on the consistency of the estimates, I find some evidence for an
increasing network effect for migrants originating from higher developed countries based on
both, GDP and HDI. This finding is to some degree at odds with the literature. McKenzie and
Rapoport (2010), Beine et al. (2011) and Giulietti et al. (2013) find evidence for an increasing
importance of a network for low-skilled migrants. It can be argued that the applied measures

here, GDP and HDI, do not sufficiently grasp the skill dimension of migrants and hence differ
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from former estimated models. Additionally, the outcome could be the result of the failure of
the homogeneity assumption within the origin country. If increasing development reinforces
the sorting of migrants, migrants originating from more developed countries could in fact be

less skilled, and therefore rely more on networks.

6.4 Disentangling Network Effects

As discussed in section 2, one can fundamentally separate the mechanism through which
migrant networks benefit future migrants into two channels. First, the assimilation channel
contains all private costs such as social and cultural adjustment costs, finding employment and
housing and create a new livelihood. Secondly, the policy channel refers to the overcoming
of legal barriers that migrants face before crossing the frontier. Especially, in the frame
of family reunification programs, migrants that already possess a German residence permit
or citizenship are eligible to sponsor further family members. In this section I implement
an identification strategy that is able to disentangle these two effects, using macro data
on migration flows and diasporas. The applied approach is in large parts inspired by the
identification strategy in (Beine et al. (2015)). Using US census data for metropolitan regions,
they find that the assimilation channel (the policy channel) is associated with 73% (27%) of
the total network effect. It must be noted that these findings largely depend on the structure
of bilateral migration laws, and hence are likely to differ in the German context. Especially,
given the less restrictive migration law in Germany relative to the US, it can be expected that
the policy channel is less relevant. Figure 2 illustrates the relative importance of the family
reunification channel in Germany. The share of migrants entered through family reunification
programs decreased gradually from 7.6% in 2006 to only 3.9% in 2015. To put that number
in relation, in the reference work Beine et al. (2011) state that about 70% of legal migrants
were admitted via family reunification programs in the year 2000 in the US.

I exploit the fact that network externalities for migrants are driven by different entities
for assimilation and policy channel. The probability for a migrant to obtain legal entry
and residence permit through family reunification programs depends on the total size of the
network already present in Germany, not on the distribution within Germany across dif-
ferent cities. Oppositely, the assimilation channel is mainly regionally operating. Much of
the assistance and information transferred, for example regarding housing or jobs, are just of
value in the regional context [see for example (Comola and Mendola (2015); Giulietti et al.
(2013); Mayer and Puller (2008)). On the statistical grounds, the two channels could not be
identified if the geographic distribution of new immigrants or network members was either
randomly distributed across cities, or, at the other extreme, highly concentrated. While
the beneficiaries are likely to reside with their sponsors, a considerable part (especiall eligible
second degree relatives) will settle in other cities, following for example housing or job market
dynamics. This condition should therefore clearly be fulfilled.

Assuming the same logarithmic functional form of network externalities for each origin
j and for assimilation and policy channel alike, I can estimate their relative relevance. 1

decompose the migration costs as in equation (8), but allow now for separate effects of the
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Figure 1: Development of Gross Migration, Asylum Seekers and Family Reunification in
Germany
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regional diaspora thk and the national diaspora M ]t in the following way:'4

Che = df — v In(1 4+ M) + T} — yaln(1 + M}). (19)

Plugging (13) into (7) and applying the usual transformation to the econometric specifi-

cation leads to

Inmby, = o+ y1 In(1+ M) + vz In(1 + Mj) + BO% + pj + pf, + (20)

where ;1 and -9 are respectively the coefficients of assimilation and policy channel. The
intuition of this specification is the following: increasing the size of the regional diaspora, while
holding the total diaspora size fixed will only influence migration through the assimilation
channel. Vice versa, variation of the total national diaspora, while regional diasporas remain
stable only impacts upon migration through the policy channel. While hypothesizing that the
assimilation channel is mostly operating regionally, it is likely that some part information and
assistance could be nationally valuable. For example, information regarding general legislative
procedure in Germany if one is to apply for a residence permit do not need to come from a
friend at the local level. The estimated coefficient of the policy channel should hence be seen
as upper bound. I limit the analysis to the relevant subsample of origin countries which are
not part of Schengen, and thus do face significant policy related migration costs.

Table 5 column 7 presents the estimation of the latter specification. The coefficient for
the regional diasporas remains stable at around 0.73, while the total national diaspora is not
found to have a significant impact on migration. While it is surprising that the policy channel
is found to be irrelevant with this identification strategy, it is to some degree consistent with
the expectation of significantly lower impact than revealed in cited literature. Generally, the
results should be considered with the highest degree of caution. As highlighted in section 6.1,
presented estimation is likely to suffer omitted variable bias. Other, unobserved origin-year
varying factors could be correlated with the covariates and the error term in (14). Hence,
any clear-cut conclusions could be fallacious.

Additionally, it must be noted that migration streams due to family reunification are
marked by a high degree of inertia. Figure 1 illustrates that the main growth in gross
migration was driven by incoming asylum seekers in recent years. Credible estimations on
how much additional migrants will follow, exploiting the possibility of joining one’s family
in Germany, are not available yet. Many still unknown factors will influence these numbers.
However, it seems clear that the family reunification rates will substantially increase in the
following years. It could be an interesting exercise to repeat this analysis at a later point and

compare the results.

“Note that M]t represents the sum of all regional diasporas in Germany, not just the sum of diasporas in
NRW.
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7 Conclusion

The present work explores the importance of regional diasporas in explaining future migration
pattern in the German federal state North-Rhine Westphalia. I first develop a simple theo-
retical framework that emphasizes the enforcing effect of regional migrant networks through
a reduction in migration costs. Bringing the theoretical results to the data, I implement
pseudo maximum likelihood estimator to quantify this network effect. The PPML strategy
is well suited to deal with the specific structure of the dataset, including many zero obser-
vations and a high degree of heteroscedasticity. Strikingly different results between the OLS
and PPML estimates confirm previous evidence, suggesting that OLS can produce strongly
biased estimates in this context.

Estimating the theoretical justified specification with origin-year and city-year fixed ef-
fects, I find that a 10% larger regional network is related to 7% larger migration flow in the
subsequent year. This results clearly highlights that any policy targeting migration must
recognize the importants of regional networks.

I proceed by extending the baseline model with three different additional aspects. First,
I replace the origin-year fixed effect by a set observed of origin-year control variables. This
adjustment is necessary to estimate the impact of other origin-year varying factors on the
network mechanism. The results emphasize the difficulty to control for all relevant push-
factors by means of observables. All following findings should hence be interpreted with
caution. Nevertheless, the results lend support to former empirical evidence on determinants
of migration: the membership to the Schengen area increases migration, since it decreases
policy related migration costs. A lower degree of political and private freedom, and the
occurrence of wars in the origin country increases migration. A higher level of development
decreases the incentive to migrate, once accounted for potential credit constraints.

The first extension reveals that the network effect is weaker for potential refugees. It
remains open to further research to which degree this finding is driven through policies that
impede the freedom of location choice, or through heterogeneous preferences of refugees. A
more detailed understanding is clearly policy relevant when dealing with the recent refugee
crisis in the long-run. Secondly, I find that migrants from higher developed countries rely
more on network. This finding is partially at odds with the literature. It remains unclear
whether this is the result of a bias due to omitted variables, or because the implemented
measures do not grasp a similar concept. Thirdly, I find evidence that the policy channel is
largely less relevant than the assimilation in the given context. This reflects relatively low
policy related migration costs. It remains interesting to observe this development in future
years: the recently accommodated refugees are likely to trigger a second wave of migrants

that benefit of family reunification procedures.
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Appendix

Figure 2: Scatter Plot of Flows and Regional Diasporas for the Full Dataset not adjusted
for Naturalization

2000
1500
1000 -

500+

-500

-1000

T T T T
0 10000 20000 30000 40000
lagged diaspora

Note: Y-axis: Flows calculated as the difference in stocks between two subsequent years. X-axis: Regional stocks of
migrants of the same nationality.

Figure 3: Scatter Plot of Flows and Regional Diasporas for the Subsample Naturalization
adjusted Diasporas
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Note: Y-axis: Flows calculated as the difference in naturalization augmented stocks between two subsequent years.
X-axis: Regional naturalization augmented stocks of migrants of the same nationality.
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Table 6: Introducing Dyadic Fixed Effects

1 2 3 4 5
iifendent flow flow flow flow Inflow
Laceed n diaspora B275%*K - 7239%HK L 2569%FK L 2643%HK - 2369%**

&8 PO (0131)  (.0470)  (.0633)  (.0426)  (.0215)
City FE yes no no no no
Origin FE yes no no no no
Year FE yes no no no no
Year*Origin FE no no yes yes yes
Year*City FE no yes no yes yes
City*Origin FE yes yes yes yes yes
R™2 .9340 .8250
Nb. obs. 48927 48927 47849 47912 29253
Dataset full full full full full
Method PPML PPML PPML PPML OLS

Note: Standard errors are in parenthesis. *** ** * gignificant at 1%, 5%, 10% level. Standard errors calculated as
Efron’s pseudo R? for maximum likelihood estimations. Flows are calculated as the difference between the regional
diasporas in two subsequent years.
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