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Preface
It is more or less by chance that my dissertation is about the economic impacts
of immigrants and ethnic diversity. The choice for this specific topic was actually
rather practical: funding for a PhD student in a project on ‘Migrant Diversity and
Regional Disparity in Europe’ was available and I thought the topic was interesting.
The economics of immigration and ethnic diversity, and related topics such as
urban segregation, equality, and social welfare, turned out to be a fascinating area
of research and the social relevance is never hard to find. In this sense, this choice
of topic may not be a surprise at all for an economist who has a background in
social sciences as well. The greater challenge for economists is to come up with
structural ways to research these topics, and I have found that learning the tricks
of this specific trade during the PhD trajectory is invaluable for developing an
evidence-based, informed opinion.
The exact topic of my research is also closely related to my own personal reality.
The world of academics is a truly diverse one. Many scholars not only travel around
the world for international conferences, but they are oftentimes immigrants themselves. I have even been one myself on occasion during the past few years. There is,
however, no way to tell whether this diverse working environment actually made
me more productive and innovative. I do know that I look back on an enjoyable
time as a PhD student. Personal experience is euphemistically called ‘anecdotal
evidence’ in academics. Fortunately, this dissertation is built on structural and
statistical evidence, and I leave it up to the reader to judge whether the evidence is
convincing.
I modestly take only partial credit for this dissertation, since doing research is
not an individualistic exercise. It is impossible to thank everyone who contributed
to my work over the past few years. Befitting the mindset of a PhD student, I
will try nevertheless. Above all, I want to thank my supervisors, Raymond Florax,
Henri de Groot and Peter Mulder. Our meetings, in various compositions, were
always constructive and animated. I compare writing a dissertation to cycling in
the mountains (which I also enjoy, by the way): you only make it all the way up the
steep parts if you ride at your own speed. I appreciate that you have given me the
time and flexibility to do that.
Henri, after finishing my Master’s in economics you told me that if I ever
changed my mind about not becoming a researcher, I should let you know. Late
2008, my job in banking was not very satisfying and I changed my mind. The rest is
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history so to say. My work has benefited greatly from your profound knowledge on
the theoretical and empirical aspects of economics. You are a passionate teacher
who shares his knowledge generously. Peter, you are able to offer refreshing views
on the sometimes ‘not too exciting’ economic concepts in your own spirited way.
Our discussions on immigrants, ethnic diversity and all other topics related to cities,
were always very constructive and lead to the ideas that became this dissertation.
Raymond, working with you allowed me to reach further than I anticipated. Your
enjoyment of getting into all the nitty-gritty parts of estimating and programming
the regression models was contagious, and ultimately gratifying.
I want to express my gratitude to Jouke van Dijk, Edward Glaeser, Maarten
Lindeboom, Clara Mulder, and Jens Suedekum for taking the time to read and judge
this dissertation, and providing very valuable comments. My research builds on
your work, and I am pleased to have you on the reading committee.
The research in this dissertation was part of a European research project funded
by Norface. I am indebted to Peter Nijkamp for appointing me as a researcher on
this project and for co-authoring some of the papers in this dissertation. Peter, I
admire your unlimited enthusiasm and creativity. Jacques Poot and Ceren Ozgen
were also part of the Dutch Norface team. Thank you Jacques, for many sharp and
valuable comments on my work. Ceren, I was happy to learn we could work on the
same project and share our interests in immigration studies. You have been (and
still are) a great support and a wonderful conference companion.
The research in this dissertation would not have been possible without the
data provided by Statistics Netherlands (CBS), the Dutch Association of Real Estate
Agencies (NVM), and the Department of Research, Information, and Statistics (OIS)
at the municipality of Amsterdam.
I have written papers with various other co-authors. Chapter 3 of this dissertation is co-authored with Thomas de Graaff and I want to thank him for this
contribution. Not all the research I did during the last few years has become part of
this dissertation, but the insights and experience from conducting related research
has undoubtedly contributed to my development as a researcher. Daniel ArribasBel, Jasper Knockaert, and Jan Möhlmann, I enjoyed working with you. I want to
thank Jan as well for giving me a head start on working with STATA; I still benefit
from that.
The Department of Spatial Economics at the Vrije Universiteit Amsterdam (VU)
is the ideal environment for a PhD student to fully benefit from all the knowledge
spill-overs that arise from joint lunch seminars, coffee corner discussions and
spontaneous talks in the hall-ways. I thank all department members for their share
in this. I also want to thank Erik Verhoef for my first research position at the VU in
the ‘Spitsmijden’ project and for, still, providing me with a hospitality-agreement
at the Department. All the practical help received from the secretariat, by Elfie
Bonke and Jenny Wiersema, is much appreciated. Many thanks to Ellen Woudstra
for her editorial support and insightful work discussions. Nothing helps better to
get to know a department than being responsible for the (official) social activities. I
shared this responsibility with Mark van Duijn. Mark, I think we did a great job.
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I was lucky enough to be part of a wonderful group of PhD students. I shared
an office with Sergejs Gubins most of the time we both worked at the Department
and I am delighted to have him as my paranymph. Sergej, with your kindness,
authenticity, and humor you ensured that our time at, and outside, the office was
exceptionally pleasurable. As an empirical researcher, digging through theoretical models and calculations can be cumbersome, but Christiaan Behrens helped
me out with constructive comments and feedback on different calculations and
theoretical concepts, some of which are included in this dissertation. Chris, thank
you, especially for good advice during last-minute calls. In addition to Sergejs,
Ceren, and Christiaan, many thanks to Stefanie Peer, Aart Huijg, Yuval Kantor, Hans
Koster, Martin Adler, Or Levkovich and Maria Dementyeva for good times. I hope
we continue to meet each other regularly whenever we are in the same city.
I had the privilege to be invited by Raymond Florax as a visiting researcher at
the Department of Agricultural Economics at Purdue University (USA) for a couple
of months and want to thank everyone at AgEcon for their hospitality. Raymond
and Brigitte Waldorf provided a warm welcome in Lafayette and introduced me
to the American way of life: I have fond memories of my time there. Thanks to
Elizabeth Dobis from AgEcon as well: I enjoy our social talks, and picking your
brain on research issues is always helpful.
Part of this dissertation was written while I worked at the Sheffield Methods
Institute at the University of Sheffield (UK). Gwilym Pryce kindly provided time
to do this while we worked on similar topics for Scottish ethnic groups. The last
leg of my dissertation was finished while working at OIS at the municipality of
Amsterdam. Thanks are due to Jeroen Slot and Esther Jakobs for allowing me to
do this. It should not be such an eye-opening experience to go from academic
research to the ‘more practically oriented’ research closer to the ‘heat’, but it is. It
promises to be a great new challenge.
Gelukkig is er ook een leven naast werk, en ik wil vrienden en familie bedanken
voor het leveren van de nodige afleiding en ontspanning in de vorm van zaterdagen
bijkletsen, fietsen op zondagmorgen, of lunchen in de buurt van de VU (heel af en
toe mét prosecco als er iets te vieren viel). Ik hoop daar nu weer iets meer tijd voor
te hebben.
Mijn dank ook aan Evy en Spyros die er voor gezorgd hebben dat ik de afgelopen
jaren tijdens de zomervakanties ook gewoon kon door werken als dat nodig was,
want een echt vakantiehuis heeft geen WiFi. Ik zie uit naar vakanties in Griekenland
zonder mijn laptop. Ook wil ik mijn zus en broer, neefjes en nichtjes, en schoonzus
bedanken: het is altijd bijzonder, en buitengewoon gezellig, om jullie te zien.
Marian, ik vind het ontzettend fijn dat je me tijdens mijn promotie bijstaat als
paranimf. We begrijpen elkaar altijd bijzonder goed en je heb er, geheel onbewust,
voor gezorgd dat toen er een punt gezet moest worden achter dit proefschrift, dat
ook gebeurde.
Tenslotte nog een laatste woord aan drie bijzondere mensen. Han en Corona,
pap en mam, de meeste dingen die ik weet, heb ik van jullie geleerd. Thuiskomen

x

Preface

is altijd fijn. Dank dat jullie mij geleerd hebben dat hard werken loont, en dat
jullie er voor gezorgd hebben dat ik altijd in het juiste wiel zit. Giorgo, met onverminderd enthousiasme heb je mij gesteund de afgelopen jaren en er voor gezorgd
dat ik eigenlijk precies kon doen wat ik wilde. Dat betekent meer voor mij dan je
waarschijnlijk beseft.

Amsterdam, juli 2016.

CHAPTER

Introduction1
“Great cities are not like towns, only larger. They are not like suburbs, only denser.
They differ from towns and suburbs in basic ways, and one of these is that cities are,
by definition, full of strangers.”
Jane Jacobs (1961)

1.1 Cities: People, Production, Consumption
Density of people, firms, buildings and the like make cities intrinsically different
from less dense places. In 1961, Jane Jacobs described her views on successful city
planning, and pointed out that safety on the city’s sidewalks is one of many essential
conditions. Most of these sidewalks are roamed by people who are strangers to
each other, which does not necessarily contribute to the perception of safety. Large
cities attract people not just from nearby towns and villages, but from all parts of
the world, making city dwellers not only strangers, but different from each other.
However, what is a large city without a Little Italy and Chinatown, French fashion
boutiques, American retail chains, Asian information technology (IT) workers,
and Middle Eastern supermarkets? Although she does not necessarily mention
immigrants or foreigners, Jane Jacobs advocates that it is exactly this social and
economic diversity that leads to a thriving economic climate in cities (Jacobs, 1961,
1969). A city like Detroit declined because its economy essentially relied on only
one sector. Forty years later, there is still debate about whether and how diversity
affects a city’s economy, and only relatively recently has there been interest in the
role that immigrants play in shaping social and economic diversity in this context.
1

This chapter is based on, and in part taken from: Bakens, J. and P. Nijkamp (2013), Migrant
Heterogeneity and Urban Development: a Conceptual Analysis, in: R. Crescenzi and M. Percoco
(Eds), Geography, Institutions and Regional Economic Performance, Heidelberg: Springer, 381–396.
Reprinted with permission of the co-author and Springer Verlag.

1

2

1. Introduction

The explanation most often put forward for the apparent attractiveness of cities
is that productivity is higher in cities because of agglomeration externalities (see, for
example, Glaeser et al., 1992). Firms profit from being close to other firms because
of information spillovers, the existence of a market for specialized intermediate
inputs, or increased efficiency and innovation induced by nearby competitors.
Higher productivity results in higher wages, which attracts workers in search of
jobs, which in turn attracts firms wanting to benefit from a large pool of (skilled)
workers.
This explanation for the existence of cities has prevailed for decades. The suburbanization trend starting in the 1960s emphasized that although cities foster
productivity, they are, particularly in the United States (US), unattractive residential locations. High- and middle-income households moved to spacious and green
suburbs when transportation costs fell, leaving the city to low-income households.
Because income and race or ethnicity are generally inextricably connected, the
suburbanization of predominantly white households in the US resulted in a ‘white
flight’ from city centers, enhancing greater segregation of blacks and whites (Boustan and Margo, 2013). This geographic ethnic segregation further exacerbated inner
city deprivation because the inner city low-skilled workers did not have access to
suitable jobs that were mainly created in the suburbs (Wilson, 1987; Gobillon et al.,
2007).
There has, however, been a turning point in this trend in many large cities in
the Western world. Since the mid 1980s, there has been an upsurge in population
growth in cities again.2 The mechanisms explaining the renewed attractiveness of
cities are not merely related to production externalities. There has been a shift in
household preferences towards amenities caused by an overall increase in income
and a subsequent increase in the value of people’s time, which makes spending time
on commuting even more expensive (Glaeser et al., 2001). Within cities, commuting
distances to work are short, and there are numerous tangible (shops, restaurants,
museums) and intangible (historical buildings) consumer amenities, making cities
nice places to live.
The production of consumer products (amenities) benefits from agglomeration
economies in cities too (Duranton and Puga, 2000). According to Central Place
Theory (Christaller, 1933), the function of settlements is to provide goods and
services to the surrounding market area. By this reasoning, there exists a hierarchy
2
Although the exact timing has differed between large cities in Europe and the US, the trends
have been similar. In cities like Amsterdam, New York, and San Francisco, population decreased
around the 1960s and started to increase again in the mid 1980s (see Onderzoek Informatie
Statistiek from the municipality of Amsterdam for more information on Amsterdam: http:
//www.ois.amsterdam.nl/visualisatie/bevolking.html), while the population of London
started to decrease after World War II and increase in the 1990s (see Greater London Authority Information Service for more information: https://files.datapress.com/london/dataset/
population-change-1939-2015/historical%20population%201939-2015.pdf), and the
population of Barcelona declined during the 1980s and increased again in the 2000s (see the
Spanish Instituto Nacional de Estadistica: https://en.wikipedia.org/wiki/Barcelona).
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of cities in terms of size depending on the market to which they cater. Generally, the
larger the city, the more diversified the products and services (Schiff, 2015). Because
of the economies of scale in a city, the provision of goods such as theaters and sports
stadiums, but also infrastructure for transportation and information technology
is more easily provided. Shared inputs can lead to more differentiated goods in
theaters, restaurants, clothing stores, and the like. Consumers face lower search
costs in cities , which explains the clustering of products in, for example, shopping
districts (Quigley, 1998). Diversified products and services are only offered at
those locations where there is a sufficiently large (local) demand for these products
and services (Waldfogel, 2008). The population in a city thus likes to consume a
diversified range of products, but it is also likely to be very heterogeneous in terms
of its preferences.
One of the drivers behind the heterogeneous population in large cities is that
the economic magnet function of cities makes them a pulling force for international
migrants. Many large cities most notably differ from their smaller counterparts
in terms of the presence of large groups of foreigners. In 2011, 36.7 percent of
London’s population and 37.2 percent of New York City’s population was foreignborn. In the two largest cities in the Netherlands, Amsterdam and Rotterdam,
about 50 percent of the population was a first- or second-generation immigrant
in 2015. Immigrants and their descendants thus constitute an important part of
the apparent diversity of a city’s population. Immigrants participate in a city’s
economy, their skills and characteristics affect the features of the labor force and
the labor market, and their preferences as consumers shape local consumption
habits (Waldfogel, 2008; Mazzolari and Neumark, 2012). Following the reasoning
of Jacobs (1961; 1969), and as is pointed out by Guiso et al. (2006), this ethnic or
cultural diversity is likely to impact urban economies as different backgrounds lead
to different values, preferences and ways of framing problems. Many of the effects
of this population diversity on the urban economy are not well researched. This
dissertation contributes to our understanding of the effects of ethnic diversity on
productivity and the utility derived from immigrant-induced amenities.

1.2 Immigrants in the Netherlands
The Netherlands experienced many periods of intense immigration (and emigration) over the past centuries. Nowadays the official definition of an immigrant, or
the Dutch ‘allochtoon’ which translates into foreigner, from Statistics Netherlands
is an individual residing in the Netherlands who is born abroad (first generation)
or who has at least one parent who is born abroad (second generation). This automatically means that the largest groups of immigrants that are now distinguished,
settled in the Netherlands in the decades following World War II. An important
part of the immigrant population consists of immigrants from the Dutch colonies:
Indonesia, Suriname, Aruba and the (former) Netherlands Antilles. Preceding and
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Table 1.1: Population composition in the Netherlands in 1996 and 2015
Number

Percentage

1996

2015

1996

2015

Netherlands
Morocco
Aruba & Netherlands Antilles
Suriname
Turkey
Other non-Western
Western

12,995,174
225,088
86,824
280,615
271,514
307,072
1,327,602

13,235,405
380,755
148,926
348,662
396,555
763,611
1,626,812

84
1
1
2
2
2
9

78
2
1
2
2
5
10

Total immigrants
Total population

2,498,715
15,493,889

3,665,321
16,900,726

16
100

22
100

Data source: Statistics Netherlands.

following the independence of Indonesia in 1949 and Suriname in the seventies,
large groups of immigrants from these countries settled in the Netherlands. Another important immigrant group in the Netherlands are the former guest workers
from Morocco and Turkey who arrived in the sixties to fill the vacancies for lowskilled industrial work. Statistics Netherlands furthermore distinguishes Western,
and other non-Western immigrants. Western immigrants are the immigrants from
Europe (excluding Turkey), North-America, Oceania, Indonesia and Japan.
Table 1.1 shows that the share of immigrants in the total population increased
from 16 percent to 22 percent between 1996 and 2015. Although the shares of all
immigrant groups in the total population have increased, the largest increase was
in the group other non-western. In 1996, the Moroccan, Turkish, Surinamese, and
Aruban immigrant population consisted of roughly 60 percent first-generation immigrants and 40 percent second-generation immigrants. In 2015, this distribution
is roughly equal with 50 percent for both groups. For the Western immigrants, the
distribution is 50 percent first generation and 50 percent second generation in 2015
as well, but the share of first generation Western immigrants has increased from 40
percent in 1996. For the other non-Western immigrants, there has been an increase
in specifically second generation immigrants, from 30 to 35 percent between 1996
and 2015.
Both Western and Non-Western immigrants are strongly clustered in the four
largest cities in the Netherlands and their surrounding municipalities. Figure 1.1
shows the spatial distribution of Western and non-Western immigrants across
municipalities in the Netherlands in 2015. It is clear that the Western immigrants
are more geographically spread out over the country, but predominantly clustered
in cities rather than in more rural locations, and at the border to Belgium and
Germany in the south and the east. Compared to 1996, the largest increase in
Western immigrants has been in some of these border municipalities, and as well
in the largest cities and their surrounding municipalities.
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Figure 1.1: Percentage of Western (above) and non-Western (below) immigrants in Dutch
municipalities in 2015
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The spatial clustering pattern of non-Western immigrants shows some obvious
parallels with the spatial clustering pattern of Western immigrants, but also some
clear differences. Non-Western immigrants are predominantly clustered in the
urbanized parts of the country, especially in the four largest cities which are all in
the western part of the country. Both the share of the large non-Western groups
(Turks, Moroccans, Surinames, and Arubans) as well as the share of other nonWestern groups is high in cities like Amsterdam, Rotterdam, Utrecht and The
Hague and some surrounding municipalities. The share of other non-Western
groups is also high in the university cities throughout the country, like Groningen
in the north, Enschede in the east, Maastricht in the south and Tilburg, Eindhoven,
Nijmegen and Wageningen in the middle of the country. Compared to the other
large non-western groups, the share of Turks is also high in some of the cities that
were specialized in specific industrial sectors that attracted guest workers.
The population share of the non-Western immigrant groups have increased in
the largest cities, but there has been a simultaneous suburbanisation of the largest
non-Western groups. The largest changes for the non-Western immigrant groups
between 1996 and 2015 is the high increase of non-Western immigrants in specific
municipalities close to the largest cities, like Almere and Gouda. There has been, for
example, a large increase in the share of Surinamese in the population in Almere,
while the share of Surinamese in the population of Amsterdam decreased slightly
between 1996 and 2015.
The spatial distribution of immigrants in the Netherlands shows that immigrants are especially clustered in the larger cities, and, with the western part of the
country being more urbanized, immigrants are clustered predominately in that part
of the country. The larger cities also house a higher diversity of immigrants than
the less urbanized parts of the country. This makes ethnic diversity and immigrants
mainly an urban phenomenon.

1.3 Ethnic Diversity, Wages, House Prices
There has been extensive research on the impact of immigrants on local labor
markets. Influential work by George Borjas shows that the size and skill composition
of immigration flows affect labor markets (see, for example, Borjas, 1989, 1994,
2003, 2014, and Card and Peri, 2016 for comments). In addition to causing supply
shocks in local labor markets (of which the effects on wages are generally small),
immigrants compete with natives for jobs if their skills are comparable. Lowskilled workers are especially affected because the majority of immigrants in most
developed countries are relatively low skilled. It is still up for debate how much
native workers are affected. Other research, however, shows that local labor markets
are likely to be quite flexible in adjusting to supply shocks. In a much-cited quasinatural experiment Card (1990) showed that there was virtually no impact from a
sudden seven percent increase of the Miami labor force due to the arrival of about
125,000 Cubans in 1980.
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In a series of meta-analyses, the average impact of immigration on the labor
market has been estimated by looking at adjustments in wages and employment
(Longhi et al., 2005a,b, 2008, 2010). These studies show that the impact is, if statistically significant at all, only very small. So, in theory, the wages and employment
opportunities of native workers would, ceteris paribus, decline due to an influx of
immigrants, but, in practice, this does not seem to be the case due to heterogeneity
and complementarity among production factors and due to wage adjustments that
occur if there is a tight labor market. A major difference between the results found
in the US and in Europe is that local labor markets are very different in terms of,
for example, the flexibility of hiring and firing employees and minimum wage laws.
Labor market institutions thus fundamentally impact the possible effects of an
influx of immigrants on wages but also on employment and unemployment levels.
More recently, the research focus has shifted away from just the general impacts
of immigration on labor markets. On a more disaggregate level, immigration – or,
in a more general sense, increasing cultural and ethnic diversity – may have an
impact on socioeconomic dynamics in the local or regional economy beyond the
mechanism of increased labor supply, such as, for example, the role of international
migration in knowledge production (Borjas and Doran, 2012). Based on their
research on the US labor market, Ottaviano and Peri (2006) conclude that wages are
higher in US cities that have experienced an increase in the diversity of workers. In
a meta-analysis, Ozgen et al. (2010) find that an increase in the net migration rate
increases real per capita income. When focusing on the relationship between the
diversity of nationalities within a population and innovation, Ozgen et al. (2012)
find a positive relationship between the share of foreigners in the population and
the number of patent applications. The results indicate that the composition of
the immigrant population, i.e., the nationalities of the immigrants, influences
the innovative capacity of European regions. Suedekum et al. (2014) find that
cultural diversity has a positive impact on the German labor market; highly skilled
immigrants especially increase local labor productivity. Low-skilled immigrants
have a negative effect on local wage and employment levels. Most of these results
thus point towards a positive effect, though the effect is small compared to the
effects of other mechanisms that impact labor market outcomes, such as individual
worker and other local labor market characteristics.
The general explanation for the positive relationship between ethnic diversity
and productivity is based on the abovementioned work of Jane Jacobs (1961; 1969).
Jacobs states that the clustering of heterogeneous industries leads to higher economic growth in cities because ideas or insights from one industry are exchanged
and applied in another industry, leading to new ideas and innovations. Glaeser et al.
(1992) used these insights to test for agglomeration externalities in cities and found
affirmative evidence for Jacobs externalities. However, a recent meta-analysis of
agglomeration externalities by De Groot et al. (2015) shows inconclusive evidence
for Jacobs externalities. Both negative effects and no evidence of effects were found.
Therefore, better insights into the mechanisms and potential heterogeneity through
which diversity impacts economic growth are needed.
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In research about the impact of immigrants on productivity, the abovementioned Jacobs externalities are adapted to the diversity of workers at the city or firm
level. As with the diversity of industries or firms, a diverse labor force diversifies
the set of ideas or solutions within a firm, which leads to innovations, efficiency
gains, and ultimately higher productivity. There is ample evidence that cultural
biases affect economic exchange, in that culture affects beliefs and values (Guiso
et al., 2006), but many possible mechanisms are still mainly a black box. Recent
experimental research by Levine et al. (2014) elucidates one possible mechanism,
as the authors find that less confidence among co-workers due to the heterogeneity
of ethnic backgrounds can lead to better outcomes in stock markets. In contrast,
high trust among ethnically similar colleagues can interfere with critical thinking
and the evaluation of information and decisions.
There is much less evidence on the returns derived from immigrant-induced
(consumer) amenities. Generally, areas with immigrant communities also have a
supply chain of goods from the home countries of these immigrants. Therefore, the
presence of immigrants who demand and/or produce their home country products
increases the variety of products in that location. Examples are numerous, but
one can especially think of non-tradable private goods, such as Italian or Japanese
restaurants,3 Chinese supermarkets, or ethnic clothing stores. Consequently, the
diversity of the goods and services offered in cities with immigrants might increase
the utility of living in those cities for all people. The attractiveness of product
heterogeneity is also a salient feature of the ‘love of variety’ assumption made in
Dixit and Stiglitz (1977).
The way to measure revealed preferences for amenities is by analyzing the
development of house prices. House prices are partly determined by the physical
value of the construction. The remaining part of the price is determined by the
value of the land the house is on, which is a proxy of the value of the location.
Disentangling these two parts and focusing on the price paid for the location is the
method economists use to measure the attractiveness of a location. Glaeser et al.
(2001) show that in cities like London and Paris, house prices have increased much
more quickly than wages, indicating an amenity premium. Had wages risen faster
than house prices, this would have indicated a willingness for people to live in
cities because of productivity gains. In the Netherlands, the same trend is observed.
De Groot et al. (2010) show that land prices in Amsterdam are 200 times higher
than in the most rural areas in the Netherlands.4 Part of this difference in land
prices can be explained by the size and composition of the labor market in the
area of Amsterdam. The productivity gains are not sufficiently high, however, to
fully explain the difference. The most likely reason for the unexplained part is that
people like to live in Amsterdam because of (consumer) amenities. De Groot et al.
3

Waldfogel (2008) and Mazzolari and Neumark (2012) indeed show that areas with immigrants of
a certain ethnic background have a higher probability of having a restaurant serving food of that
ethnic origin.
4
The comparison is between Amsterdam and East-Groningen.
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(2010) show that productivity gains and amenities each explain about one-third of
the land price differences in the Netherlands.
There is evidence that the diversity of people in cities does not come about
without some friction and costs. Too much social variety may cause interaction
problems, leading to the fractionalization of society and an increase in the costs
of communicating. Heterogeneity can also generate costs if it results in racism
and prejudice (Abadie and Gardeazabal, 2003) and if it leads to conflicts over
preferences in public spending (Alesina et al., 1999, 2004). Social cohesion might
also decline in a diverse society because the development of trust is more difficult
to foster (Alesina and La Ferrara, 2002; Beugelsdijk and van Schaik, 2005). Putnam
(2007) argues that diversity might decrease both bonding and bridging social capital.
This means that people living in a diverse society turn neither to their fellow natives
nor to other ethnic groups for social interaction, but just refrain from participating
in society altogether.

1.4 Research Challenges
There are, broadly speaking, two related issues that complicate the identification of
the effect of ethnic diversity on productivity and utility. These complications relate
to reverse causality and sorting. Sorting is the tendency of people with certain
characteristics to end up living and working in areas with certain other characteristics. Stated differently, people differ in their characteristics (like education, age, or
ethnicity) and preferences, and different people are not randomly located across
cities nor within cities. Similarly immigrants are not randomly located in certain
cities or neighborhoods. In the Netherlands, the average share of immigrants in
the total population (first and second generation) increased from 16.1 percent in
1996 to 21.7 percent in 2015. In the three biggest cities in the country, Amsterdam, Rotterdam, and The Hague, the share of immigrants increased to around 50
percent in 2015.5 The spatial clustering of immigrants is so strong that one can
reliably predict where new immigrants will locate on the basis of the location of the
majority of immigrants with the same ethnicity in the destination country (Bartel,
1989; Card, 2009). These iterative forces that are at play in forming and changing
cities make it difficult to isolate the effect of ethnic diversity from the effects of the
other characteristics of cities on economic outcomes, and to imply that it is ethnic
diversity that is affecting economic outcomes and not the other way around.
When we observe that wages are higher in cities with a higher share of immigrants, this does not necessarily imply that having a higher share of immigrants
leads to higher wages. It can also mean that immigrants are attracted to cities with
higher wages. When the causality between an independent and dependent variable
in a model can be reversed, straightforward estimations based on Ordinary Least
Squares (OLS) are suboptimal. A popular econometric solution for this endogeneity
5

These numbers are taken from CBS Statline.
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problem is to use a randomized controlled experiment, or a quasi-natural experiment. An experiment can be a policy shift, a natural disaster, or any exogenous
shock to a system that implies that changes in the numbers of immigrants or the
diversity of immigrant populations is not caused by local city characteristics. The
Muriel Boatlift described by Card (1990) is one such natural experiment, as is the
neighborhood revitalization project described in Rossi-Hansberg et al. (2012). Because quasi-natural experiments are rare, researchers need to be creative and turn
to econometric methods to deal with the endogeneity bias in their estimations.
Card (2001) introduced a shift-share methodology that is often used in research on
immigrants and diversity to construct counterfactuals by using past shares of immigrants of a certain background in a city and national growth shares to predict the
future inflow of these immigrants into that city (as used in Ottaviano and Peri, 2005,
2006). This econometric method uses a constructed ‘instrumental’ variable that
explains the presence of immigrants and diversity but not the economic outcomes
we are interested in.
The availability of micro-data also provides opportunities for research set-ups
that can partly address both issues mentioned above. Micro-data are data that are
collected at the level of the individual (workers, firms, households, etc.). A major
advantage of individual-level micro-data is that they allow mechanisms in the
labor and housing markets that relate to individual characteristics to be exploited.
Characteristics like educational attainment and experience, but also location and
the interplay of various characteristics, determine an individual’s performance in
the labor market and preferences for amenities. In aggregate data, these features
are ‘lost’ and exact mechanisms cannot be identified. With longitudinal micro-data,
however, behavior like the residential- and work-location decisions of workers can
be analyzed over time at a low spatial level. This feature of non-aggregated microdata allows researchers to take sorting into consideration and gain insights into
sorting processes.
The use of micro-data also solves another research challenge in spatial economics. Many economic indicators are measured at the level of administrative
units: cities or regions. It is not clear a priori, however, at which level the effects that
we are interested in occur and, subsequently, at which level we should aggregate
our data, if at all. It is even more likely that the mechanisms we are interested in
operate at different levels of spatial aggregation. The characteristics of both the
labor and the consumer market are most likely to matter at the city level or at the
level of the local labor market area, but the spatial distribution of products and
services within cities can be very locally driven.

1.5 Dissertation Overview
In this dissertation, we combine the use of micro-data with econometric techniques to improve our understanding of the effects of ethnic diversity on urban
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externalities and, where possible, show that causality runs from diversity to urban
externalities. Figure 1.2 shows the basic elements of the relationships between
immigrants, diversity, and attractive cities which are described in the previous
sections. The different topics we investigate in this dissertation are all captured in
this figure. Much research has focused on the relationship depicted in the figure
from the right-hand side down: the effects of ethnic diversity on productivity (Duranton and Puga, 2001; Alesina and La Ferrara, 2005; Ottaviano and Peri, 2005, 2006;
Bellini et al., 2012). However, there has been very little research on the relationships
depicted from the left-hand side down: the utility derived from immigrant-induced
consumer amenities. The research in this dissertation therefore gravitates towards
the latter.
To answer the question of the impact of ethnic diversity on urban externalities,
we look at four different research questions:

1. What is the economic impact of ethnic diversity on productivity and utility?
2. To what extent is the economic valuation of immigrants and ethnic diversity
heterogeneous across individuals?
3. What is the economic value of the presence and ethnic diversity of immigrants?
4. What is the importance of ethnic neighborhood composition in the process
of spatial sorting of ethnic groups across neighborhoods?

Research questions 1 and 2 analyze the effects of ethnic diversity at the city level,
while research questions 3 and 4 zoom in on neighborhoods and smaller local areas.
We take into consideration that productivity and utility, i.e., the labor and housing
markets, are different sides of the same coin at the aggregate city level, whereas we
can analyze the housing market in isolation when we focus on neighborhoods or
local areas within cities. For these analyses, we combine different micro-data sets
to create one unique data set in which we can follow individuals in the labor and
housing markets. The data set is built from house transaction data from the Dutch
Association of Real Estate Agencies (NVM) and micro-data from the labor market,
tax registration, and municipality registers from Statistics Netherlands. To answer
the third research question, NVM data are complemented by data from the local
business registry of Amsterdam, and data of the fine-grained spatial population
composition in Amsterdam provided by Onderzoek, Informatie and Statistiek (OIS)
from the municipality of Amsterdam.
The first two research questions are answered in Chapters 2 and 3, respectively.
A logical first step in addressing these questions is to build upon the seminal work
in this field by Ottaviano and Peri (2005, 2006). By using the framework put forward
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Figure 1.2: Structure of the dissertation

by Roback (1982), the labor and housing markets of cities can be analyzed in
equilibrium if amenities differ between locations because workers accept a tradeoff between wages, house prices and amenities. In this setting, the presence of
immigrants and the presence of ethnic diversity are considered (dis)amenities. We
include ethnic population diversity as an amenity, but also immigrant-induced
product diversity as measured by the ethnic diversity of restaurants.
Chapter 2 contributes to the existing literature on the economic impact of
ethnic diversity because we control for sorting. In line with other research (Combes
et al., 2008), we show that individual characteristics explain an important part of
the differences in wages and house prices across cities in the Netherlands. We then
show that changes in ethnic diversity are predominantly relevant for productivity
and house prices in the largest cities in the Netherlands. When focusing on house
prices, failure to take into consideration that immigrants are not randomly allocated
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across cities and that generally there is a correlation between the socioeconomic
characteristics of cities and the presence of immigrants, gives a distorted picture of
the relationship between housing prices and ethnic diversity. This is something we
explore in more detail in Chapters 4 and 5 when we answer research questions 3
and 4.
The fact that sorting based on individual characteristics is an important factor
for wage and house price differentials across cities in the Netherlands, raises the
question of whether there are differences between individuals in the valuation of
immigrants and ethnic diversity. This question can only be answered by using individual micro-data. There is no real evidence from previous research that indicates
the lines along which individuals need to be grouped in this case. Baum-Snow
and Pavan (2012) show that the returns from work-experience differ depending
on the city, whereas Florida (2002b) argues that a group of high-skilled individuals
in creative occupations and living a bohemian lifestyle disproportionally benefits
from areas with a high diversity of people. In Chapter 3 we deal with the empirical
reality that it is not clear a priori which individual characteristics lead to differences
in the valuation of ethnic diversity.
We find that heterogeneity in the effect of the presence of immigrants on productivity is most likely related to differences across individuals in terms of income
and education level and the spatial sorting these differences entail. The presence of
immigrants in terms of their shares in the population tends to be more important
for wages than the immigrants’ diversity. This finding again points towards the
productivity effect of immigrants in large cities, where the share of immigrants is
much higher than in other areas. Just as Chapter 2 shows, the absolute effect of
ethnic diversity or immigrants on wages and house prices is small compared to
other factors in the housing and labor markets. We are able to give a ballpark figure
for the implicit price of the presence of immigrants and ethnic diversity.
With the focus on simultaneous effects in the labor and housing markets in
Chapters 2 and 3, it becomes clear that the effects of consumer amenities on the
housing market can be better understood when the analysis is shifted to the local
residential level, i.e., within cities. Because there is little research on the valuation
of immigrant-induced consumer goods, Chapter 4 explores whether housing prices
in Amsterdam are affected by immigrant-induced amenities, such as restaurants.
We hypothesize that there is a possible trade-off between the population composition and amenity composition of neighborhoods. House prices are generally
lower in neighborhoods with many immigrants, but access to diversified consumer
products might increase house prices. Using micro-data we deduce the ethnic
origin of all restaurants in Amsterdam to focus on the availability and diversity of
these amenities. Restaurants are among the few goods or services that are easy to
differentiate, either in terms of their ethnic origin or in terms of their quality (Schiff,
2015). In Chapter 4 we implement a fairly novel addition to the standard econometric method of ‘matching’ observations. With a matching technique, we attempt
to isolate the effect of the local population composition and access to amenities on
house prices by comparing houses that are different only in terms of these observed
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aspects but not in terms of other aspects that determine house prices. We find that
there is a trade-off in which consumers want to live apart yet consume together.
The negative effect of immigrants on house prices in Amsterdam is compensated by
the availability of immigrant-induced amenities, such as ethnic restaurants. There
is also a positive effect on house prices of the heterogeneity of immigrant-induced
amenities.
When focusing on neighborhoods in Amsterdam, we find, in line with many
other research, a negative effect of the share of a neighborhood’s immigrant population on house prices. In Chapter 5 we focus on the preferences of specific ethnic
groups for living in neighborhoods among that specific ethnic group, i.e., among
the own ethnic group. There is a vast amount of research in economics as well as
other social sciences that has looked into the causes and effects of ethnic neighborhood clustering and segregation (see, for example, Schelling, 1971; Massey and
Denton, 1988; Schaake et al., 2010; Bayer et al., 2014). We use micro-data from
Amsterdam and The Hague to explicitly observe which neighborhoods people of
different ethnic groups move between, and whether there is a tendency to move
away from or towards neighborhoods with a population that has the same ethnic
background.
We show that neighborhood formation in Amsterdam and The Hague is significantly impacted by ethnic preferences. In the debate on neighborhood location
patterns, the correlation between immigrant groups and their socioeconomic positions plays an important role, and it is not clear whether immigrants cluster
according to social class or due to their preferences for people who are like themselves. We are able to distinguish between different economic and social factors and
show that the ‘pull’ of ethnicity is, when all other things are equal, much stronger
than, for example, the ‘pull’ or ‘push’ of economic factors.
The answers to the four questions in this dissertation provide new insights
into the effects of immigrant-induced social and economic diversity, which was
argued to be vital for cities by Jane Jacobs over 40 years ago. We examine the topic
from different angles, with a particular interest in the interconnectedness between
residential preferences and labor market considerations, and immigrant-induced
consumer amenities. Exploiting the availability of unique micro-data from the
Netherlands, we are able to show that there are externalities related to immigrants
and ethnic diversity, but that these effects depend on city size and can be very local
within cities. The conclusion of this dissertation is given in Chapter 6, in which we
also reflect on the results, propose directions for further research, and discuss the
social relevance of the results.

CHAPTER

Economic Impacts of Ethnic Diversity
Productivity, Utility, and Sorting in the Netherlands1,2

2.1 Introduction
In many countries, cities attract not only native citizens but also foreign migrants.
What are the economic consequences of the implied ethnic diversity of cities? To
answer this question, the literature to date essentially identifies three channels
through which the arrival of foreign migrants influences local economies. First,
immigrants may influence productivity because their different sets of skills and
abilities impact local interactions between workers and firms. Second, immigrants
may influence consumer utility by changing local amenities such as neighborhood
quality and the diversity of available consumption goods and services. Third, the arrival of foreign migrants may affect the sorting of native residents across residential
and employment areas so that the abilities and preferences of the local population
and labor force change. In this chapter we assess the relative importance of these
1
Apart from minor changes this chapter is published as: Bakens, J., P. Mulder and P. Nijkamp (2013),
Economic Impact of Cultural Diversity in the Netherlands: Productivity, Utility, and Sorting, Journal
of Regional Science, 53(1), 8–36. Reprinted with permission of the co-authors and Wiley-Blackwell.
2
In many studies that measure population diversity by country of origin, race or the like, the term
‘cultural diversity’ is used, like in the title of the published version of this chapter. However, since
we use country of birth of the parents, this more closely resembles ethnic diversity than cultural
diversity. Culture is, in our opinion, a broader concept than ethnicity. Obviously ethnic diversity
leads to cultural diversity and the underlying mechanisms and ideas of how diversity impacts local
economies are the same, irrespective of whether ethnicity or culture is used. Additionally, ethnic
diversity has an unambiguous meaning, whereas culture can also refer to the cultural sector, i.e.,
museums, art, etc. We therefore use ‘ethnicity’ throughout the chapters of this dissertation.

2
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channels, using new and unique micro-data for cities in the Netherlands for the
period 1999–2008.
Often, particularly in empirical studies, economists study the various channels
through which ethnic or cultural diversity influences local economies in (relative)
isolation (Borjas, 1994, 1995; Alesina and La Ferrara, 2005).3 Regarding the labor
market, wages are obviously subject to immigrant-induced variations in supply
shifts across education-experience groups (Card, 1990; Card and DiNardo, 2000;
Card, 2001; Borjas, 2001, 2003). In addition, immigrants may impact wages through
their impact on local productivity: cross-ethnic interaction on the labor market
may be associated with either lower productivity because of increasing inter-ethnic
friction or higher productivity because of increasing creativity and innovation, as
emphasized by Jacobs (1969) (see also Lazear, 1999; Duranton and Puga, 2001;
Alesina and La Ferrara, 2005; Bellini et al., 2012). In addition, there is evidence that
economic immigrants show a tendency towards favorable self-selection for labor
market success based on their higher levels of ability (Borjas, 1987; Chiswick, 1999).
The consequences of immigration for the housing market may also vary. On
the one hand, an immigrant-induced increase in demand for housing is expected
to have an upward effect on housing prices, particularly in gateway cities (Saiz,
2003, 2007). On the other hand, the growing density of immigrants may negatively
influence housing prices if the newly arrived immigrants’ demand for housing
is associated with decreasing wages, native outmigration, or even segregation
(Benabou, 1993; Cutler et al., 1999; Saiz and Wachter, 2011). Additionally, although
foreign migrants often locate in cities because of labor market considerations (Scott,
2010), they also contribute to the diversity of man-made consumption amenities
in cities, including ethnic products, shops, and restaurants (Quigley, 1998; Glaeser
and Mare, 2001; Ottaviano and Peri, 2006). Arguably, to many people diversity
enhances the attractiveness of living in cities, and this ‘love of variety’ effect is
thought to positively impact housing prices (Ottaviano and Peri, 2005, 2006) and
thereby offset a potential native flight.
Clearly, the labor market and the housing market are interrelated in various
ways. First, immigrants (and their families) typically are workers as well as residents.
Moreover, spatial equilibrium requires that spatial disparities in housing prices
are compensated by wage differentials across space (Rosen, 1974; Roback, 1982).
This means that, because of the impact of immigrants on housing prices, spatial
disparities in immigrant density are expected to induce wage and productivity
differentials across cities. Conversely, the spatial disparities of wages across local
labor markets caused by immigrants (be it through productivity effects or supply
shifts) contribute to housing price differentials across cities. Finally, the impact of
immigrants on local (consumption) amenities affects local housing markets, which,
in turn, may again influence wage differentials because of spatial equilibrium
dynamics.
3

The work by Ottaviano and Peri (2005, 2006) stands out as an important exception.
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Ignoring these interdependencies between the housing and labor markets may
lead to biased estimates of the economic impact of ethnic diversity in cities (Hoehn
et al., 1987). The seminal papers by Ottaviano and Peri (2005, 2006) stand out
among the literature, in that they overcome this problem by constructing a Robacklike equilibrium model (Roback, 1982) in which cultural diversity affects both
average wages and average housing prices across US cities through its localized
effect on both the productivity of firms and the utility of consumers. A serious
drawback of this approach, however, is that it assumes workers and homeowners
to be homogeneous and consequently does not allow for spatial sorting based on
the heterogeneity of economic agents in cities. Evidently, native residents differ
in their preferences for living in a multicultural environment depending on their
appreciation of the implied diversity of cultural or ethnic values (Bajari and Kahn,
2005, 2008; Baranzini et al., 2008; Olfert and Partridge, 2011). In addition, new
immigrants also sort themselves across space because they often tend to settle
in gateway cities where other immigrants from the same country already reside
(Bartel, 1989; Card, 2001). Ignoring these and other sorting effects may lead to
inaccurate measurements of wage and rent residuals (Carlino and Saiz, 2008).
In this chapter we therefore take advantage of the individual dimension of the
panel data at our disposal to evaluate the extent to which the observed impact of
ethnic diversity on equilibrium housing prices and wages is influenced by the spatial sorting of homeowners in both the labor and housing markets. Our estimation
strategy is inspired by the approach that Combes et al. (2008) developed to control
for worker heterogeneity in explaining spatial wage disparities across local labor
markets in France. Given the interdependecies between the labor and housing market, simultaneous equation models can also be used to estimate the productivity
and utility effect (see, for example, Glaeser, 2008). However, controlling for sorting
in these type of models is not straightforward.
We modify Combes et al. (2008) by applying it to both local labor and housing
markets in the Netherlands. In a two-step procedure, we first control for sorting
by explaining spatial disparities in wages and housing prices from, respectively,
the observed and unobserved characteristics of individual homeowners, sector
structure, and home characteristics and an effect that represents the unobserved
local characteristics of, respectively, the local labor and housing markets. Subsequently, we identify the role of ethnic diversity in explaining these local labor and
housing market effects, controlling for interaction-based productivity effects, local
amenities, and (unobserved) interactions between the labor and housing markets.
To the best of our knowledge, this is a new identification strategy for dealing with
the impact of ethnic diversity on local economies.
Section 2.2 describes our data set and presents some key stylized facts about
ethnic diversity in the Netherlands. In Section 2.3, we estimate the impact of ethnic
diversity on average wages and housing prices. Like in Ottaviano and Peri (2006),
we find an overall positive effect of diversity on average housing prices and wages,
although the wage effect is not very robust. In Section 2.4, we control for individual
heterogeneity and find that spatial differences in housing prices and especially
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wages are largely driven by the sorting of individual agents. In Section 2.5, we
retrieve the residuals that remain after having corrected for spatial sorting in the
labor and housing markets and find that ethnic diversity has a negative impact
on local housing markets while its impact on local labor markets tends to remain
positive but weak. In Section 2.6, we further explore the housing market, searching
for the relationship between population diversity and consumer amenities. We find
that the negative association between ethnic diversity and housing prices is mainly
caused by a negative causal effect of ethnic diversity on neighborhood quality that
outweighs the positive effect of increased product variety. Section 2.7 discusses
and presents remaining estimation issues. Section 2.8 concludes this chapter.

2.2 Data
The analysis in this chapter is based on a newly constructed data set that merges
data of individual homeowners, who are simultaneously identified as workers, with
data on local labor and housing markets in the Netherlands over a period of ten
years (1999–2008). Hence, our data allow us to follow an individual in the labor and
housing market over time.
House transaction data are provided by the Dutch Association of Real Estate
Agencies (NVM) and cover roughly 50 to 70 percent of all residential houses sold in
the Netherlands. For each house, the data include information on the transaction
date, transaction price, dwelling characteristics, and location. Individual data on
workers are provided by Statistics Netherlands (CBS).4 The worker data include
information on age, country of birth, country of birth of both parents, residential location, work location, income, and sector of employment. Merging the housing and
worker data thus identifies the homeowner and the homeowner’s socioeconomic
characteristics. The spatial equilibrium framework as put forward by Roback (1982)
does not allow for commuting and the possibility that workers can earn a high wage
in one city but pay a low house price in another city. We believe that this is too
strong an assumption for our study, given the small geographic size of the Netherlands and the substantial commuting flows between regions (see for example Groot
et al., 2012). In order to still be able to characterize spatial disparities in wages
and housing prices in the context of a spatial equilibrium framework, we adjusted
wages such that they are net of commuting time costs.5 Amenity data are provided
by Statistics Netherlands, the real-estate monitor (‘Vastgoed Monitor’), and by the
Ministry of Internal Affairs for the quality of living index (‘Leefbaarometer’).
4

In contrast to much other research (especially for the US), we look at housing prices instead of
rents. This is motivated by the lack of consistent and reliable micro-data on rents in the Netherlands.
In addition, the largest share of the Dutch rental market is social housing, for which the rent
does hardly depend on the location but on the characteristics of the house. This makes rent data
unsuitable for the purposes of this research.
5
The data table in the appendix to this chapter gives a description of how we calculate the net wage
after deducting commuting costs.
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Table 2.1: Selection of cities in the analysis by population sizea
Population size

No. of cities

No. of cities in our data set

>250,000
150,000–250,000
100,000–150,000
50,000–100,000
20,000–50,000
10,000–20,000
5,000–10,000
<5,000

4
8
14
43
191
126
39
6

4
8
13
38
101
12
0
0

Total

431

176

Data source: GBA Statistics Netherlands.
Strictly speaking, we use municipalities in our analysis to which we refer as cities irrespective of
the size of municipalities. Throughout the analysis, the municipality categorization of 2008 is used.

a

To identify spatial sorting as well as the productivity and amenity effects in
the housing and labor markets, individuals need to appear at least twice in our
ten-year data set, and we need enough individual observations per city in both
the housing and labor markets. In our final data set, we have 61,738 individual
workers/homeowners, accounting for 126,959 observations over the ten-year period of the sample. The minimum threshold for the number of observations for
each city in a given year is ten due to the confidentiality requirements for the use of
micro-data. These conditions are easily met for larger cities but not for all smaller
and less urbanized cities. Therefore, our analysis encompasses 176 out of the 443
municipalities in the Netherlands, covering 70 percent of the total population in
the Netherlands.6 More details, including a description of the data cleaning and
processing, are provided in the appendix to this chapter. We work with an unbalanced panel because we do not have sufficient observations for all 10 years for all
176 municipalities. Table 2.1 summarizes the classification and distribution of the
cities in our data set.
The main variable of interest in this research is ethnic diversity. Ethnic diversity
can be measured in numerous ways (Beugelsdijk and Maseland, 2010). In this
chapter, we interpret ethnic diversity in terms of population diversity, which we
define by the country of birth of the parents of an individual resident. We identify
an individual as non-Dutch when at least one of her parents was born abroad.
The ethnicity is determined by the country of birth of the mother, except when
the mother is Dutch, in which case the country of birth of the father determines
ethnicity. This definition encompasses first- and second-generation immigrants
because someone’s ethnicity is largely determined by her parents’ ethnicity. This
6

The cities left out of the analysis are less urbanized and are at the lower end of the ethnic diversity
index. Consequently, their exclusion from our sample will not prevent generalization of our results.
Our spatial unit of analysis is the municipality, which we call ‘city’ throughout the text.
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Data source: GBA, CBS.

Figure 2.1: Kernel density of diversity per city in 1999 and 2008

definition accords with the popular practice in the Netherlands of considering
second-generation immigrants still very much as foreign residents.7
To calculate diversity among immigrants, we use an index that comprises all
residents of a city. The diversity index for cities shows the probability that two
randomly selected residents in a city are from different ethnic groups. The index
for a specific city c is defined as follows:
Dc = 1 −

m
X

(s ce )2 ,

(2.1)

e=1

where s ce is the share of people from ethnic group e among the residents of city
c. An index value of 0 indicates that everyone living in a city belongs to the same
ethnic group, whereas all residents belong to a different ethnic group when its value
is 1.8 In the literature, this index is frequently used (see, for example, Ottaviano and
Peri, 2005, 2006) because it takes into account both richness, i.e., the number of
groups, and diversity, i.e., the distribution across groups.
In addition to the diversity index of the population, we include a variable that
serves a a proxy for immigrant-induced product diversity: the restaurant indicator.
7

This, of course, contrasts with the situation in large parts of the US. By way of a robustness check,
we conducted an analysis for average wages and housing prices using first-generation immigrants
only. Results in the housing market show that the estimated coefficient of diversity is somewhat
larger when using this definition. In the labor market, the overall results are similar when using the
first-generation definition.
8
More precisely, when the value of the index is 1 − 1/m and thus approaches one if m tends to
infinity.
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Table 2.2: Descriptive statistics

Diversity

Share highly educated

Jobs (ln)

Population (ln)

Quality of living

Restaurant indicator

Share social rent

City samplea

mean

min.

max.

st. dev.

all
25 L
other
all
25 L
other
all
25 L
other
all
25 L
other
all
25 L
other
all
25 L
other
all
25 L
other

0.28
0.41
0.26
0.17
0.20
0.16
14.06
14.10
14.06
10.74
12.04
10.52
5.50
4.86
5.60
1.23
1.47
1.19
0.32
0.39
0.30

0.08
0.17
0.08
0.06
0.08
0.06
12.08
12.48
12.08
9.35
11.53
9.35
3.00
3.00
4.00
0.40
0.87
0.40
0.13
0.18
0.13

0.72
0.72
0.58
0.38
0.34
0.38
15.01
14.83
15.01
13.51
13.51
11.50
7.00
6.00
7.00
2.46
2.46
1.99
0.57
0.57
0.54

0.11
0.12
0.09
0.06
0.06
0.06
0.67
0.65
0.68
0.71
0.51
0.46
0.60
0.62
0.52
0.31
0.33
0.29
0.08
0.8
0.07

Data source: CBS (GBA, SSB), NVM, ABF-Real Estate monitor.
Throughout the analysis, three samples of cities are used: all cities (all), the 25 largest cities (25 L),
and all cities excluding the 25 largest cities (other).

a

We measure product variety by constructing a diversity index for restaurants based
on information about the nationality of the food served at each restaurant in a
city. The index is constructed as in equation (2.1). We interact this index with the
number of restaurants per 10,000 inhabitants to control for the level effect of the
supply of restaurants. This restaurant indicator serves as a proxy for the ‘love of
variety’ effect (Fujita et al., 1999) related to the presence of a diverse population.
Table 2.2 provides descriptive statistics for our data. Throughout the analysis, we
use three samples of cities: all cities, the 25 largest cities, and all cities excluding the
25 largest cities. This allows us to differentiate the effects of diversity on different
types of cities. Because we estimate the samples separately, we cannot compare
the significance of the differences in effects across the different samples.
Figure 2.1 shows the distribution of the ethnic diversity of immigrants across
cities in 1999 and 2008. From the figure, it can be seen that Dutch cities have
become more diverse in this ten-year period (i.e., the right tail of the distribution
has become fatter) and that the number of cities with low levels of diversity has
decreased. It should be noted that given our definition of immigrants, the increase
in the share of foreign residents is partly caused by an increase in first-generation

22

2. Economic Impacts of Ethnic Diversity

immigrants and partly caused by first-generation immigrants in the Netherlands
having children. This latter effect, however, only partly influences the diversity
index because it does not increase the number of ethnic groups but only influences
the distribution across groups.

2.3 Average Effects
A natural starting point for our analysis is to estimate the average effect (following
Ottaviano and Peri, 2006) in estimating a Roback-like model of average production
and consumption behavior to assess the average localized effect of ethnic diversity
on both the productivity of firms and the utility of consumers. The basic Roback
model (1982) is a model encompassing many cities that vary according to the level
of an amenity endowment. Both indirect utility and production are a function of
wages, rents, and amenities. In Ottaviano and Peri (2006), migrant diversity enters
into this model as an exogenous variable that simultaneously affects utility through,
for example, its effect on product variety or neighborhood quality, and productivity
through, for example, its effect on human capital externalities or complementarities
between different ethnic groups. These effects can be either positive or negative,
and comparing them gives the prevailing effect of diversity on the economy and
reflects the notion of a spatial equilibrium.
Empirical implementation of this idea leads to the following average wage and
house price equation:
¡
¢
0
ln w ct = β0 + β1 D ct + x ct
β2 + φc + εct ,

(2.2)

¡ ¢
0
ln r ct = γ0 + γ1 D ct + z ct
γ2 + ψc + µct ,

(2.3)

where w ct and r ct are the average wage and average housing price per square
meter, respectively, in city c in year t as a function of diversity (D ct ) in city c and
0
0
year t , with vectors x ct
and z ct
as the control variables for the wage and housing
market equation, respectively. The city fixed effects are given by φc and ψc , and the
error terms are εct and µct .
In the labor market, we control for the share of highly educated residents in
the city and the density of the labor market, measured through the number of jobs
reachable within 45 minutes of commuting time. We adjusted wages such that they
are net of commuting time costs.9 In the housing market, we control for wealth,

9

We also estimated this model without a correction for commuting costs, but with a sample
selection of only male, native workers between the ages of 40 and 60 who do not commute, i.e., who
live and work in the same city or labor market area. With this much smaller sample, the results point
in the same direction as those of the larger sample, the results of which we present in this chapter.
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measured through the income per capita in the city.10 We present the results of our
estimations for the three different samples of cities throughout this chapter.11
In short, the standard ordinary least squares (OLS) estimation results in Table
2.3 and Table 2.4 show that ethnic diversity has a positive effect on average housing
prices across Dutch cities and no effect on average wages (except for the sample of
large cities). The results presented in Table 2.3 imply that an increase of 0.1 in the
diversity index is associated with an increase in wages of almost 9 percent in the
largest cities. An increase of 0.1 in the diversity index is associated with an increase
in housing prices per square meter by about 30 percent in all cities, as is shown in
Table 2.4.
Labor market density and the share of highly educated residents in the population appear to be key drivers of spatial wage differentials in the Netherlands. These
findings are in line with recent research on wage disparities in the Netherlands
(Marlet, 2009; De Groot et al., 2010) and can, at least partly, be explained by the
Dutch practice of collective wage bargaining, which leads to relatively low spatial
wage disparities (as compared to, for example, France; Combes et al., 2008). In the
housing market, the positive effect of diversity on average housing prices is relatively strong. In addition, the income per capita effect is statistically significantly
positive, indicating that wealthier cities have higher average housing prices per
square meter.
Obviously, diversity may be endogenous to wages and housing prices; immigrants may cause higher wages because they increase productivity, or, conversely,
immigrants may be attracted to more productive places. Similarly, the presence of
immigrants may increase housing prices because diversity is considered a positive
amenity, or, conversely, immigrants are drawn to places with higher housing prices
because higher prices signal more favorable location characteristics. To assess the
causal relationship between diversity on the one hand and wages and housing
prices on the other hand, we therefore instrument the diversity index in two ways.
First, we use a shift-share methodology to predict current diversity based on
immigrants’ location choices in the past (Card, 2001; Saiz, 2003). The underlying
idea is that new immigrants often settle where other immigrants of the same ethnic
group already reside, and as a result the share of immigrants of a certain ethnicity
in a municipality in the past is a good predictor of where new immigrants of that
ethnicity will locate in the future. For each city, we use the share of immigrants of a
specific ethnicity (based on the country of birth of the parents) in 1995 to predict
the share between 1999 and 2008 by allocating the national growth rate of that
ethnicity to the city’s initial level as follows:
10

We also used population size as a control variable to account for demand factors in the housing
market, but this variable is either statistically insignificant or negatively significant but small. The
overall conclusions are thus not affected by excluding this variable.
11
Given the high correlation between the share of foreigners and the diversity index when calculated
to include the natives as a group, we also estimated equations (2.2) and (2.3) using the index for
diversity among immigrants only. The latter does not significantly change our main findings.
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Table 2.3: Regression results for average wages
All cities
coef.

25 largest cities

Other cities

st. err.

coef.

st. err.

coef.

st. err.

0.890∗∗
4.924∗∗∗
0.540∗∗
1.648
249
0.76

0.328
0.569
0.231
3.169

−0.075
5.154∗∗∗
1.331∗∗∗
−8.992∗∗∗
1,360
0.43

0.369
0.454
0.176
2.412

OLS
Diversity
Share highly educated
Jobs (ln)
Constant
Observations
R2

0.015
5.150∗∗∗
1.249∗∗∗
−7.887∗∗∗
1,609
0.46

0.309
0.390
0.156
2.137

OLS in differences
Diversity
Share highly educated
Jobs (ln)
Wage 1999
Constant
Observations
R2

−0.509
0.532
0.812∗∗∗
−0.069∗
0.749∗
1,342
0.01

0.602
1.298
0.260
0.040
0.420

−1.846∗
−0.117
0.179
0.050
−0.478
216
0.02

0.976
1.679
0.315
0.080
0.832

−0.426
0.488
0.907∗∗∗
−0.072∗
0.783∗
1,126
0.01

0.666
1.420
0.294
0.043
0.444

IV in differences
Diversity
Share highly educated
Jobs (ln)
Wage 1999
Constant
Observations
R2

−0.697
0.641
1.438∗∗∗
−0.005
0.078
925
0.01

0.927
1.508
0.440
0.046
0.474

−4.253∗∗∗
−0.769
−0.142
0.119
−1.182
161
0.01

1.299
1.895
0.494
0.091
0.948

−0.529
0.627
1.644∗∗∗
−0.006
0.084
764
0.02

1.016
1.674
0.501
0.048
0.505

First-stage
Diversity IV
Share Christian votes
F -test
Partial R 2
Hansen J (p-value)

0.781∗∗∗
−0.004∗∗∗
387.14
0.80
0.798

0.031
0.001

0.729∗∗∗
−0.005∗∗∗
390.29
0.86
0.602

0.026
0.001

0.787∗∗∗
−0.003∗∗∗
338.37
0.81
0.647

0.033
0.001

0.372

0.438

0.421

Data source: CBS (GBA, SSB), NVM, ABF-Real Estate monitor.
Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **,
and * for the 0.01, 0.05, and 0.1 significance levels, respectively. The OLS estimation includes city level fixed effects,
but the estimated coefficients are not reported here.

a

2.3. Average Effects

25

Table 2.4: Regression results for average housing prices
All cities
coef.

25 largest cities

st. err.

coef.

st. err.

Other cities
coef.

st. err.

OLS
Diversity
Income (ln)
Constant
Observations
R2

3.070∗∗∗
1.096∗∗∗
−3.715∗∗∗
1,609
0.61

0.370
0.056
0.479

2.956∗∗
0.889∗∗
−2.064∗
249
0.78

0.835
0.157
1.192

3.192∗∗∗
1.132∗∗∗
−4.030∗∗∗
1,360
0.59

0.435
0.059
0.515

OLS in differences
Diversity
Income (ln)
House price 1999
Constant
Observations
R2

2.474∗∗∗
0.414∗∗∗
−0.022∗∗
0.181∗∗
1,342
0.07

0.421
0.065
0.011
0.080

2.595∗
0.459∗∗∗
−0.029∗
0.227∗
216
0.19

0.656
0.086
0.017
0.121

2.536∗∗∗
0.407∗∗∗
−0.021∗
0.176∗∗
1,126
0.06

0.463
0.077
0.012
0.089

IV in differences
Diversity
Income (ln)
House price 1999
Constant
Observations
R2

3.205∗∗∗
0.115∗
−0.013
0.106
925
0.01

0.719
0.066
0.012
0.085

1.058
0.110∗
−0.023
0.190
161
0.02

0.745
0.066
0.017
0.125

3.423∗∗∗
0.112
−0.011
0.091
764
0.01

0.780
0.079
0.013
0.096

First-stage
Diversity IV
Share Christian votes
F -test
Partial R 2
Hansen J (p value)

0.778∗∗∗
−0.004∗∗∗
235.40
0.79
3.563

0.038
0.001

0.750∗∗∗
−0.006∗∗∗
308.27
0.83
0.814

0.030
0.001

0.783∗∗∗
−0.003∗∗∗
198.49
0.80
2.914

0.041
0.001

0.059

0.367

0.088

Data source: CBS (GBA, SSB), NVM, ABF-Real Estate monitor.
Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***,
**, and * for the 0.01, 0.05, and 0.1 significance levels, respectively. The OLS estimation includes city level fixed
effects, but the estimated coefficients are not reported here.
a
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¡
¢
sbect = s ec1995 1 + g ect ,

(2.4)

where sbect is the estimated share of immigrants from ethnic group e in a city c in
year t , s ec1995 is the share of immigrants from ethnic group e in a city in 1995, and
g ec t is the national growth rate of the share of ethnic group e between 1995 and
year t . By using the outcome of this equation we can estimate the diversity index
and the share of immigrants.
As our second instrument, we use the share of votes for Christian parties in a city
over four municipality elections (1982, 1986, 1990, and 1994). The Dutch democracy
is a multiparty system that finds its base in proportional representation and an
historically social division between different religious Christian groups and the
distinction between liberals and socialists. The distribution of Christian votes for
municipality elections does not show a specific spatial pattern except for (the lack of
votes) a few of the largest municipalities. This is especially true for the elections in
the eighties. Both municipalities in the periphery of the country as well as affluent
municipalities close to the large cities may have a large Christian support. The
underlying idea for the instrument is that a high percentage of votes for Christian
parties signals a certain degree of homogeneity and a sense of community, which is
likely to be relatively unattractive for immigrants. At the same time, these ‘Christian
cities’ are not necessarily richer or poorer than other cities and thus do not have a
systematic relationship with wages and housing prices.12
Like in Ottaviano and Peri (2006), we apply a first-difference approach to increase the probability that our instruments are exogenous to wages and housing
prices. We therefore also report the result of the OLS in first-difference. From Table
2.3 it can be seen that estimating the wage regression in differences somewhat
alters the results, although our variable of interest remains statistically insignificant.
For the larger cities, the impact of diversity on wages switches to being negative.
From Table 2.4 it can be seen that estimating the housing price regression in differences does not alter the results, although the estimated coefficients tend to be
smaller. The first stage of the instrumental variable (IV) estimates in Tables 2.3 and
2.4 confirms that the share of votes for Christian parties is negatively related to the
true diversity index, while the opposite is true for our predicted diversity index.
Our instruments do not appear to be exogenous for all samples. Although the shiftshare of the diversity index is the most used instrument for this kind of research,
in this case its use could be troublesome because our data cover a relatively short
time scale and the constructed diversity index might not be independent of the
underlying time trend in the data, even though the instrument is independent of
any city-specific shocks.
The second stage of the IV results show that the instrumented diversity index
remains mostly statistically insignificant for the labor market, whereas it has a
relatively strong and statistically significant positive effect on average housing
12

Because the instruments do not cover all the years in the ten-year period used for this analysis,
some observations drop out of the two-stage least squares (2SLS) analysis.
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prices. In both the housing and labor markets, the IV estimates for the larger
cities are exceptions. In the labor market in these areas, the effect of diversity on
wages remains negative, while the effect of diversity on housing prices becomes
insignificant. For the effect of diversity on housing prices, we cannot be certain that
the instruments used are fully exogenous, which might undermine the conclusions
we can draw from these regressions. In general, our results for the housing market
resemble the findings of Ottaviano and Peri (2006) for the US, in that diversity has
a positive net effect on equilibrium markets through its localized effect on both
the productivity of firms and the utility of consumers. At the same time, when
compared to the results of Ottaviano and Peri (2006), the effect of diversity on
average local wages in the Netherlands is not robust.

2.4 The Role of Spatial Sorting
To account for the role of spatial sorting based on individual heterogeneity, we
need to change the empirical model used in the previous section into a worker
fixed effects model with city-specific time trends and sector effects in the labor
market and a homeowner fixed-effects model with city-specific time trends and
house characteristics in the housing market. Estimating such a model, however, is
no longer computationally tractable because of the implied large number of fixed
effects. For this reason, we adopt the two-step approach used in Combes et al.
(2008) to account for the role that spatial sorting plays in the labor market. We
modify the authors’ approach by simultaneously applying it to both local labor
and housing markets in the Netherlands. In the first stage, individual fixed effects
are estimated using the within estimator in a simple OLS regression for the wage
and housing price equation.13 For each individual agent, we center all variables on
their mean.14 This first stage accounts for sorting in the labor and housing markets
and gives us an estimated remaining city-year effect for both markets. Then, in the
second stage, we use these estimated coefficients of the city-year fixed effects to
estimate the impact of ethnic diversity.
The first-stage wage and house price equations are estimated according to the
following econometric specification:

13

ei t ,
ln (w i t ) = v i0 t βe + δi + α1z(i t ) + veα2z(i t ) + φc(i t )t + ε

(2.5)

e1 + ρ i + h i0 t γ
e2 + ψc(i t )t + µ
ei t .
ln (r i t ) = v i0 t γ

(2.6)

See, for example, Baltagi (1996), where the within transformation is discussed.
We decreased the number of periods in our data set from ten to five years by setting one time
period in the analysis to two years because the data set would still be too large for the capacity of
our software. This allows us to estimate the model without a loss of observations. Variables that are
initially measured at one-year intervals are then calculated as averages over the two-year period.
This somewhat decreases the variation in our data set.

14
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In equation (2.5), w i t is the wage of homeowner i in year t (net of the costs of
commuting time), v i0 t is a vector of time-varying individual characteristics, δi is
the individual fixed effect, α1z(i t ) is a sector fixed effect15 for sector z, veα2z(i t ) is a
sector-age effect, φc(i t )t is the city-year fixed effect for the labor market in city c in
ei t is the error term.
year t , and ε
In equation (2.6), r i t is the housing price per square meter for homeowner i in
year t , v i0 t is a vector of time-varying individual characteristics, ρ i is the individual
fixed effect of the homeowner in the housing market, h i0 t is a vector of house
characteristics, ψc(i t )t is the city-year fixed effect for the housing market in city
ei t is again the error term. The sector-age effect in equation
c in year t , and µ
(2.6) is included to account for systematic sector composition effects due to the
possibility that a city might have a higher share of young workers because the city
has a relatively high concentration of a sector that attracts young workers, like, for
example, the ICT sector. We define this effect as the deviation of the average sector
age from the average age of the working population in our sample. In equation
(2.6), the vector of housing characteristics contains the level of maintenance on
the outside and inside, the type of dwelling, and the construction year. In both
equations, we use the age of the homeowner as the time-varying individual fixed
effect and set the agricultural sector and one city in 1999 to zero for identification
reasons.
One of the main assumptions underlying this model is that sector and city
choices are exogenous to, respectively, wages and housing prices. However, the
inclusion of timevarying city effects and sector fixed effects do not make this assumption too restrictive because these effects account for most of the variability
explained by local characteristics. This reduces the risk that spatial sorting is based
on the errors. Combes et al. (2008) extensively discuss and prove mathematically
(in their Appendix B) the importance of this assumption. In essence, the estimation
is unbiased if people choose their location based on expected wages instead of
their exact wages.
We believe that this is a fair assumption for the case of the Netherlands for
a number of reasons. First, in the Netherlands barriers to mobility are high as a
result of relatively strong legal protection for employees in the labor market and
a relatively high buyer’s tax at in the housing market (6 percent of the transaction
price, during the time period under consideration in our analysis). Moreover,
because of the small geographical size of the country, commuting costs are relatively
low, resulting in less need to move when changing jobs. Together, these conditions
lead us to expect that internal migration is a long-term decision, that takes into
account expected future earnings. Second, much research shows that location
decisions are driven not only by labor market considerations but equally by amenity
15

We assume that the temporal effect within industries is captured in the city-year fixed effect.
Robustness checks including sector-year effects based on four industries and sector-year effects
focused on industries prone to trade and technology shocks generate results that are no different
from our main specification.
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Table 2.5: Summary statistics variance decomposition wage
st. dev.

corr.a

Residuals

0.155

0.37

Individual effect
Individual fixed effect
Age effect

0.585
0.369
0.358

0.77
0.89
0.34

Sector effect
Sector fixed effect
Sector-age effect

0.032
0.037
0.015

0.13
0.11
−0.01

City-year fixed effect
Detrended city fixed effect
Time trendb

0.044
0.042
0.036

−0.07
0.09
−0.19

Data source: CBS (GBA, SSB), NVM, ABF, Real Estate monitor.
All correlations with ln(wage) are statistically significant at the one-percent level.
b
Time trends are based on second-stage estimations for the time dummies from the specification
including the housing market effect for all cities at the top of Table 2.8.
a

considerations (Marlet, 2009; De Groot et al., 2010). Recent research also shows
that location decisions based on labor market considerations in the Netherlands
are not so much related to expected income but to the expected probability of
finding a job, i.e., labor market density (Marlet, 2009). Finally, it is unlikely that
firms in the Netherlands will choose their location because of wage considerations,
all other things being equal, for the simple reason that most sectors and industries
are subject to collective wage bargaining agreements that, to a large extent, rule
out spatial wage disparities. This argument finds support in the estimation results,
which show that the sector only explains a very small portion of spatial wage
variation.
Following Combes et al. (2008), we present the estimated results of equations
(2.5) and (2.6) by showing the explanatory power of each variable. To this end,
the standard deviation and correlation of each estimated effect with the dependent variable is calculated. A high standard deviation in combination with a high
correlation coefficient indicates a large explanatory power for that variable. We
calculate the estimated effects by multiplying the estimated coefficients with the
values for each observation. The individual fixed effect is the mean prediction error
of the regression. The results are shown in Tables 2.5 and 2.6. The tables show that
individual effects are, by far, the principal determinant of wages and housing prices
in the Netherlands. The unobserved individual fixed effects account for the largest
part of these individual effects, while the observable age effects are smaller but still
considerable. This indicates that education, skills and abilities largely determine
wages,16 while income (as an outcome of skill and ability) largely determines an
16

Ideally we need to include individual education in the regression, but the data is not available for
all observations.
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Table 2.6: Summary statistics variance decomposition housing prices
st. dev.

corr.a

Residuals

0.132

0.43

Individual effect
Individual fixed effect
Age effect

0.456
0.252
0.352

0.60
0.82
0.19

Total house effect
Maintenance inside effect
Maintenance outside effect
Pre-1930 construction effect
House type effect

0.058
0.019
0.010
0.009
0.051

0.32
0.08
0.10
0.16
0.28

City-year fixed effect
Detrended city fixed effect
Time trendb

0.156
0.151
0.064

0.50
0.60
−0.20

Data source: CBS (GBA, SSB), NVM, ABF, Real Estate monitor.
All correlations with ln(house price) are statistically significant at the one-percent level.
b
Time trends are based on second-stage estimations for the time dummies from the specification
for all cities including the labor market effect at the top in Table 2.9.
a

individual’s house price.
In addition, we find a moderate role for the sector effect in explaining wage
variations in the Netherlands. This finding supports the aforementioned argument
that in the Netherlands wage considerations are not likely to be an imperative
determinant of firm location, thus making the sector effect unlikely to be a source
of potential endogeneity bias. In contrast, the city-year effect only explains a
very small part of the variance in wages. This means that we do not find a large
separate effect of the local city on wages, once we have controlled for the individual
characteristics of workers and the sector. In the housing market, however, the local
city plays a more prominent role. After having controlled for individual homeowner
effects and to a lesser extent age, the city-year effect explains most of the variation
in housing prices.
We can further assess the importance of sorting on spatial wage and housing
price disparities by comparing the variations in, respectively, the mean wage and
mean housing price with the variations in the net wage and net housing price. The
net wage is the regional wage for an average worker in an average sector and is
calculated as the regional wage net of the individual and sector effects. Likewise, the
net house price is calculated as the regional house price net of the homeowner and
dwelling effects.17 The results of this exercise are presented in Table 2.7 and show
that in the labor market, unobserved individual heterogeneity accounts for about
58 to 65 percent of spatial wage disparities. In the housing market, unobserved
17

More details on this calculation are given in Combes et al. (2008).
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Table 2.7: Spatial wage and housing price disparities between 1999–
2008
Wage

Housing price

Disparity measure

mean

net

mean

net

(max − min) /min
(P90 − P10) /P10
(P75 − P25) /P25
Coefficient of variation

0.12
0.03
0.02
0.01

0.04
0.01
0.006
0.005

0.220
0.074
0.035
0.03

0.164
0.054
0.027
0.02

Data source: CBS (GBA, SSB), NVM, ABF, Real Estate monitor.

individual homeowner heterogeneity accounts for about 23 to 29 percent of spatial
housing price disparities.18

2.5 Results
This section starts by retrieving the estimated city-year fixed effects, φc(i t )t and
ψc(i t )t , from the wage and housing price equations, (2.5) and (2.6), respectively.
These city fixed effects indicate the value of the local characteristics of either market,
net of the characteristics of the worker and her sector and of the house owner and
her dwelling. It is our aim to explain disparities in the city fixed effects from the
wage and house price regressions by local endowments and characteristics, with
special attention given to ethnic diversity. Given the interdependencies between
the local labor and housing markets, we integrate both markets by including the
city fixed effect from the wage regression in the house price equation and the city
fixed effect from the house price regression in the wage equation. The econometric
specification is as follows:
0
0
φ̂ct = β0 + D ct
β1 + x ct
β2 + ψ̂ct + τφt + εct ,

(2.7)

0
0
ψ̂ct = γ0 + D ct
γ1 + z ct
γ2 + φ̂ct + τψt + µct ,

(2.8)

where φ̂ct is the estimated effect for the labor market in city c in year t , ψ̂ct is the
0
estimated effect for the housing market in city c in year t , D ct
is a vector of different
0
0
measures of diversity, x ct is a vector of city-specific labor market amenities, z ct
is a
vector of city-specific housing market amenities, τ is a time dummy, and εct and
µc t are the error terms.
18

From Table 2.7 it can be observed that disparities in the mean wage are relatively low. As noted
above, this is partly due to collective wage bargaining in the Netherlands and it is likely also
partly due to our sample selection of homeowners who tend to be at the higher end of the wage
distribution.
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We capture diversity in terms of population diversity and product diversity,
i.e., the diversity index and restaurant indicator, respectively (see Section 2.2). We
include the number of restaurants per 10,000 inhabitants as a control variable in
order to obtain an unbiased estimate of the effect of restaurant diversity, given
spatial variation in restaurant supply. As regards the other amenities, we include
the share of highly educated residents in a city and a dummy for the presence of
a historic city center. In equation (2.7), we include population size to control for
interaction-based productivity effects. In equation (2.8), we control instead for the
attractiveness of the local labor market in terms of labor market density, defined
as the number of jobs reachable within 45 minutes of commuting time. Generally,
immigrants tend to live in relatively low-quality areas because they often have
relatively low incomes. We attempt to control for this by including a quality of living
(QoL) index that combines and ranks detailed spatial data about safety, population
composition, residential dwelling composition, private amenities, social coherence,
and the presence of natural amenities (see Appendix 2.1 for more details).19
Table 2.8 presents the estimation results that explain the city fixed effect from
the wage equation. For the first model across the three samples, we do not find that
ethnic diversity has a significant effect on city fixed effects, i.e., on local productivity
effects. This suggests that, for example, migrant-induced variations in supply shifts
across education-experience groups (Card, 1990; Card and DiNardo, 2000; Borjas,
2001; Card, 2001; Borjas, 2003), intercultural friction, and Jacobs-like productivity
externalities (Jacobs, 1969) are either very small and/or balance each other out. The
negative effect of ethnic diversity on wages can be due to different mechanisms that
we cannot distinguish in our analysis, for example, an influx of immigrants who
are low skilled and therefore are paid less or due to an influx of immigrants which
increases labor supply and therefore lowers wages. The effect of the presence of a
historic city center as well as the share of highly educated residents are statistically
insignificant. Remarkably, the population size has a statistically significant positive
effect on wage residuals in the largest cities, while the opposite is true for the
other two samples. This suggests that mechanisms like knowledge spillovers and
matching in the labor market play a role in larger cities only. Groot et al. (2013)
apply the framework developed by Combes et al. (2008) to the Netherlands and
find, as would be expected, that employment density has a positive effect on wage
residuals. Although our population variable is not measured as employment density
but as the simple population size, and is measured at the municipality level not the
NUTS3 (or labor market area) level, our overall negative results for population size
remain somewhat remarkable. The results might indicate that population size per
se does not lead to agglomeration externalities, but density does. This would also
explain why we find a positive effect for larger cities, because generally population
size and density are positively related for large cities but not necessarily so for small
cities. Smaller cities and villages tend to merge into one municipality for reasons
of organizational scale, which increases population size in a municipality that is
19

Due to a lack of data on the quality of living index in 2003, this period has been dropped.

0.028
0.008
0.044
0.004
0.042

0.029
0.003
−0.043
−0.013∗∗∗
0.095∗∗
0.31

st. err.

689

0.037
−0.061∗∗
0.008
0.014
−0.014∗∗∗
0.154∗∗∗
0.41

0.031
−0.058∗∗∗
0.007
0.033
−0.015∗∗∗
0.132∗∗∗
0.33

coef.

0.037
0.029
0.011
0.060
0.005
0.050

0.028
0.018
0.008
0.047
0.004
0.044

st. err.

100

0.538∗∗
−0.339∗∗∗
−0.072∗∗
0.834∗∗
−0.078
0.640
0.68

−0.088
−0.003
−0.010
−0.093
0.025∗
−0.322∗∗
0.36

coef.

0.236
0.093
0.034
0.344
0.047
0.496

0.055
0.031
0.011
0.076
0.013
0.136

st. err.

25 largest cities

589

0.054
−0.061∗
0.022
−0.063
−0.022∗∗∗
0.237∗∗∗
0.42

0.033
−0.067∗∗∗
0.007
0.035
−0.022∗∗∗
0.210∗∗∗
0.34

coef.

0.043
0.032
0.016
0.072
0.008
0.083

0.033
0.019
0.011
0.056
0.007
0.071

st. err.

Other cities

a

Data source: CBS (GBA, SSB), NVM, ABF, Real Estate monitor.
Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1
significance levels, respectively. Year dummies are included in the estimation, but the estimated coefficients are not reported here.

Observations

City-region fixed effects
Diversity
Housing market effect
Historic center
Share highly educated
Population (ln)
Constant
R2

Diversity
Housing market effect
Historic center
Share highly educated
Population (ln)
Constant
R2

coef.

All cities

Table 2.8: Explaining the city fixed effect from the wage equation: OLS regression results of equation (2.7)a
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sprawled. Our choice of municipality as measurement unit of population size,
instead of the labor market area, may partly disrupt the agglomeration externalities
in smaller cities that depend on larger cities in terms of labor market orientation.
Given the interdependences of the housing and labor markets, we also include
in our wage equation the city fixed effect from the housing market retrieved from
equation (2.6). Table 2.8 shows that these local house price residuals have a statistically significant negative effect on the local wage residual when we take into
account the smaller cities. This result confirms the existence of spatial equilibrium
dynamics, with attractive residential areas (indicated by high house price residuals)
featuring relatively low wages because they are relatively unattractive locations
for firms, for example, because of relatively high land prices, low productivity, or
high transport costs (and vice versa). For the largest cities, this effect is statistically
insignificant, probably because of the aforementioned mechanisms such as knowledge spillovers and matching in high-density labor markets. The results in Table
2.8 show that a partial analysis, excluding the estimated city fixed effect for the
housing market effect, does not alter the impact of cultural diversity.
Finally, we control for the time-invariant characteristics of the city in order to
identify whether the observed variation is predominantly driven by area-specific
time trends or cross-section differences. To this end, we include dummies for
the broader city region, defined as the regional NUTS3 level, which is the Dutch
equivalent of a US labor market area. Changes in ethnic diversity now indeed
improve local productivity in the largest cities. This finding suggests that across
larger cities in the Netherlands, it is not so much the level but the growth in ethnic
diversity that affects labor markets.
In contrast to our findings for the labor market, we find a robust negative
relationship between ethnic diversity and the city fixed effects from the housing
market, as shown in Table 2.9. This result is in sharp contrast with our findings
in Section 2.3, where we did not yet control for individual heterogeneity. This
negative influence of diversity is largest for the sample of smaller cities. The results
suggest that the presence of a historic city center, a larger share of highly educated
residents, and a dense labor market are all positive amenities that impact housing
prices across the three different city samples. Moreover, the estimation results also
show that the wage residual has a statistically significant negative impact on the
housing market in smaller cities. This result mirrors the negative impact of local
housing price residuals on the labor market in smaller cities, as reported above. As
with the labor market, a partial analysis does not significantly alter the estimation
results and the explanatory power of the regression.
The bottom three estimations in Table 2.9 show a remarkable result for the
largest cities. Including city-region dummies reverses the effect of ethnic diversity
on local housing price residuals, indicating that changes over time and not level
effects have a positive impact. We cannot fully test whether this result indicates a
positive utility derived from living in diverse cities, or a supply shock of an increase
in immigrants as in Saiz (2003). The diversity index however predominantly measures the population composition, and not the size of the immigrant population

0.044
0.016
0.070
0.007
0.091

−0.309∗∗∗
0.070∗∗∗
0.795∗∗∗
0.159∗∗∗
−1.882∗∗∗
0.66

689

−0.321∗∗∗
−0.106∗
0.021
0.715∗∗∗
0.053∗∗∗
−0.709∗∗∗
0.81

−0.315∗∗∗
−0.253∗∗∗
0.069∗∗∗
0.795∗∗∗
0.158∗∗∗
−1.886∗∗∗
0.67

coef.

0.035
0.057
0.020
0.076
0.014
0.186

0.044
0.074
0.016
0.069
0.006
0.088

st. err.

100

0.718∗∗∗
−0.504∗∗∗
−0.187∗∗∗
1.551∗∗∗
0.207∗∗∗
−3.234∗∗∗
0.95

−0.278∗∗∗
−0.490
0.104∗∗∗
0.747∗∗∗
0.144∗∗∗
−1.717∗∗∗
0.66

coef.

0.204
0.132
0.051
0.318
0.069
1.040

0.104
0.310
0.032
0.174
0.015
0.186

st. err.

25 largest cities

589

−0.407∗∗∗
−0.085
−0.030
0.692∗∗∗
0.049∗∗∗
−0.635∗∗∗
0.81

−0.330∗∗∗
−0.241∗∗∗
0.054∗∗∗
0.801∗∗∗
0.160∗∗∗
−1.902∗∗∗
0.67

coef.

0.043
0.058
0.019
0.085
0.016
0.208

0.054
0.075
0.015
0.075
0.007
0.099

st. err.

Other cities

a

Data source: CBS (GBA, SSB), NVM, ABF, Real Estate monitor.
Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1
significance levels, respectively. Year dummies are included in the estimation, but the estimated coefficients are not reported here.

Observations

City-region fixed effects
Diversity
Labor market effect
Historic center
Share highly educated
Jobs (ln)
Constant
R2

Diversity
Labor market effect
Historic center
Share highly educated
Jobs (ln)
Constant
R2

st. err.

coef.

All cities

Table 2.9: Explaining the city fixed effect from the housing price equation: OLS regression results of equation (2.8)a
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suggesting that the former explanation plays a role in explaining the found positive
effect.
In addition, the previously found positive effect of the presence of a historic
city center becomes statistically insignificant for the samples containing all cities
and the smallest cities, while the estimated coefficient for the labor market density
becomes much smaller. Interestingly, for the largest cities the positive impact of
the share of highly educated residents becomes substantially stronger when we
control for the time-invariant characteristics of the city region. Together these
findings suggest that nonproductive amenities, other than a historic city center,
play an important role in explaining housing price residuals across cities. In the
next section, we therefore extend our regression model for the housing market to
further explore this hypothesis.

2.6 Ethnic Diversity and Consumer Amenities
As discussed in Section 2.1, the literature to date has suggested various ways in
which ethnic diversity may influence local housing markets. Here, we focus our
analysis on the quality of living and immigrant-induced product variety. We use
interaction terms in our regressions to reduce the problem of multicollinearity
that arises from the obvious correlation between ethnic diversity and immigrant
amenities. The results are presented in Tables 2.10 and 2.11.
The top section of Table 2.10 shows that accounting for the quality of living has
a considerable impact on the regression results across the various samples. The
positive and significant coefficient for the quality of living index indicates that the
more favorable the living conditions in a city, the higher the local area effect in
the housing market. Except for the sample of smaller cities, the interaction term
for diversity and quality of living has a statistically significant negative effect on
the housing price. Because we also use the ethnic diversity index in an interaction
term, we calculate the implied marginal net effect of diversity in our regressions
at the mean of the used variables. The marginal effects are separately included in
the bottom line of the table. The values show that the net effect remains negative
(although not significant for the sample of smaller cities), but that it is much smaller
than in our previous estimations. Together, these findings suggest that the quality
of living index serves as an indirect channel through which immigrants affect utility,
an effect that has its roots in the low-income, low-skilled characteristics associated
with (some) immigrant communities. In the smaller cities, this mechanism explains
the previously found negative effect of ethnic diversity on housing price residuals.
The bottom part of Table 2.10 shows the estimation results when we control
for immigrant-induced product variety, as measured by the restaurant indicator
in interaction with ethnic diversity. For the samples of all cities and the larger
cities, we find that the restaurant indicator has a positive marginal effect on utility.
The implied net effect of ethnic diversity in explaining housing price residuals
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(the bottom line of Table 2.10) remains negative. Hence, even in larger cities the
positive amenity effect of immigrant-induced product variety does not outweigh
the negative effect of population diversity on housing price residuals. Interestingly,
the previously positive effect of the presence of a historic city center in related
specifications now disappears for the largest cities, likely because most restaurants
are located near city centers.
To conclude, we combine the effect of neighborhood quality and the restaurant
indicator to assess the relative importance of these two channels through which
ethnic diversity may influence local housing markets. The estimation results are
presented in Table 2.11 and again show that the sample of cities used in the analysis
matters. For the sample of smaller cities, when we control for the quality of living,
the statistically significant negative effect of population diversity disappears, and
there is no additional positive effect of product heterogeneity as measured by the
restaurant indicator.20
For the largest cities, we find a positive effect of the restaurant indicator, indicating a positive effect of product diversity. A small negative effect of population
diversity remains when we control for the quality of living, but only for the estimation that does not control for the time-invariant city region characteristics. The
small but statistically significant negative effect of ethnic diversity that remains in
the overall sample can be explained in numerous ways. Diversity per se might impact house price residuals negatively in that homogeneous groups of residents have
a positive effect on house price residuals. Another explanation may be that prejudice against immigrants and immigrant neighborhoods still drives housing prices.
Omitted variable bias and the spatial level at which the research is conducted might
play a role too.

2.7 Remaining Estimation Issues
We conclude our analysis by discussing a number of remaining estimation issues,
especially those that arise from our extension of the model originally developed
by Combes et al. (2008). For a more extensive discussion of the methodological
issues that are inherent to the original approach, we refer to Combes et al. (2008).
The most pressing estimation issue is that potential endogeneity in the secondstage regressors may cause our results to be biased. Like in Section 2.3, a primary
concern is that ethnic diversity is endogenous to wages and housing prices. To
address this concern, we estimate a 2SLS model, instrumenting the diversity index
in two ways. Like before, we use the share of votes for Christian parties in a city.
Second, we use a long-lagged shift-share estimate for the share of social housing
in a city. The underlying idea is that newly arrived immigrants often are not able
to buy a house or rent a house in the commercial sector but do qualify for social
20

The results for the other control variables in Table 2.11 are similar to what we found in the previous
analysis.
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Table 2.10: Explaining the housing price city fixed effect with additional controls for quality of living, and product
diversitya

coef.

Other cities

st. err.

25 largest cities
coef.

All cities
st. err.

st. err.

coef.

0.488
0.233
0.023
0.182
0.015
0.047
0.097
0.224

0.708
−0.179∗∗
0.036∗∗
0.518∗∗∗
0.151∗∗∗
0.119∗∗∗
−0.130
−2.465∗∗∗
−0.02
0.71

0.680
0.071
0.015
0.079
0.007
0.038
0.121
0.236

0.319
0.070
0.014
0.069
0.006
0.021
0.059
0.140

2.785∗∗∗
−0.579∗∗
0.071∗∗∗
1.209∗∗∗
0.123∗∗∗
0.318∗∗∗
−0.626∗∗∗
−3.100∗∗∗
−0.28
0.79

0.238
0.073
0.014
0.072
0.007
0.016
0.057
0.192
0.117

1.053∗∗∗
−0.205∗∗∗
0.047∗∗∗
0.674∗∗∗
0.147∗∗∗
0.129∗∗∗
−0.209∗∗∗
−2.467∗∗∗
−0.105
0.70

Quality of living
Diversity
Labor market effect
Historic center
Share high education
Jobs (ln)
Quality of living
Interaction term: quality of living×diversity
Constant
Marginal effect diversity
R2

0.263
0.230
0.024
0.182
0.012
0.070
0.094
0.150
0.202

−0.116
−0.187∗∗
0.047∗∗∗
0.694∗∗∗
0.174∗∗∗
0.096∗∗∗
−0.004
−0.107
−2.262∗∗∗
−0.25
0.70

589

0.153
0.072
0.013
0.070
0.006
0.015
0.037
0.108
0.095

100

−2.075∗∗∗
−0.888∗∗∗
−0.037
0.328∗
0.185∗∗∗
−0.018
−0.251∗∗∗
1.046∗∗∗
−1.734∗∗∗
−0.54
0.84

−0.526∗∗∗
−0.199∗∗∗
0.035∗∗∗
0.670∗∗∗
0.174∗∗∗
0.091∗∗∗
−0.070∗
0.189∗
−2.160∗∗∗
−0.29
0.71
689

Product diversity
Diversity
Labor market effect
Historic center
Share high education
Jobs (ln)
Restaurants (ln)
Restaurant indicator
Interaction term: restaurant indicator×diversity
Constant
Marginal effect diversity
R2
Observations

Data source: CBS (GBA, SSB), NVM, ABF, Real Estate monitor.
a
Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1
significance levels, respectively. Year dummies are included in the estimation, but the estimated coefficients are not reported here.

0.253
0.053
0.015
0.072
0.013
0.017
0.048
0.015
0.020
0.188

0.294
0.070
0.014
0.071
0.006
0.020
0.055
0.015
0.023
0.135

st. err.

100

0.040
−0.582∗∗∗
−0.070
1.671∗∗∗
0.085
0.061
−0.064
−0.422∗∗∗
0.605∗∗∗
−1.327
−0.25
0.97

2.216∗∗∗
−0.609∗∗∗
0.021
0.569∗∗∗
0.142∗∗∗
0.290∗∗∗
−0.540∗∗∗
−0.118
0.316∗∗∗
−3.267∗∗∗
−0.41
0.84

coef.

0.491
0.130
0.066
0.239
0.110
0.046
0.091
0.146
0.111
1.553

0.448
0.192
0.021
0.200
0.016
0.048
0.092
0.082
0.098
0.194

st. err.

25 largest cities

589

0.421
−0.040
−0.023
0.493∗∗∗
0.065∗∗∗
0.083∗∗
−0.107
0.054∗∗∗
0.003
−1.413∗∗∗
−0.20
0.84

0.634
−0.140∗∗
0.025
0.434∗∗∗
0.164∗∗∗
0.109∗∗∗
−0.114
0.066∗∗∗
0.012
−2.713∗∗∗
0.01
0.73

coef.

0.590
0.055
0.018
0.086
0.015
0.033
0.106
0.015
0.020
0.246

0.668
0.071
0.016
0.079
0.006
0.037
0.119
0.015
0.024
0.234

st. err.

Other cities

a

Data source: CBS (GBA, SSB), NVM, ABF, Real Estate monitor.
Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05,
and 0.1 significance levels, respectively. Time dummies included but the estimated coefficients are not reported.

689

0.781∗∗∗
−0.050
−0.014
0.604∗∗∗
0.072∗∗∗
0.095∗∗∗
−0.184∗∗∗
0.047∗∗∗
0.020
−1.582∗∗∗
−0.21
0.84

Including city-region dummies
Diversity
Labor market effect
Historic center
Share high education
Jobs (ln)
Quality of living
Interaction term: quality of living×diversity
Restaurants (ln)
Restaurant indicator
Constant
Marginal effect diversity
R2

Observations

0.769∗∗∗
−0.161∗∗
0.024∗
0.534∗∗∗
0.161∗∗∗
0.114∗∗∗
−0.155∗∗∗
0.061∗∗∗
0.031
−2.70∗∗∗
−0.055
0.73

Excluding city-region dummies
Diversity
Labor market effect
Historic center
Share high education
Jobs (ln)
Quality of living
Interaction term: quality of living×diversity
Restaurants (ln)
Restaurants indicator
Constant
Marginal effect diversity
R2

coef.

All cities

Table 2.11: Explaining the housing price city fixed effect with additional, simultaneous, controls for quality of living
and product diversity, and city-region dummiesa
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housing. A relatively large social housing supply may therefore attract immigrants,
while the stock of housing supply as such is unrelated to wages and housing prices.
To operationalize this idea, we adopt the shift-share methodology described in
equation (2.4) to predict for each city the share of social housing between 1999 and
2008 from the share of social housing in 1971.21 In this section, we estimate the IV
regression with stock variables because these are exogenous to the instruments we
use. The results are presented in Table 2.12 and Table 2.13.
The first stage of the IV regression shows that, as expected, the share of social
housing is positively related to the diversity index, while the share of Christian
votes is negatively related to the diversity index. Overall, the instruments used are
exogenous to the housing price and wage residuals and together explain about 30
percent of the variation in the diversity index. The instruments do not seem to
be fully exogenous for the large-city samples, and therefore the results for these
samples should be interpreted cautiously.
For the labor market (Table 2.12), we now find that the effect of diversity on the
city fixed effect in the labor market is in general positive, although not robust across
the different samples. The positive effect only holds for the sample of all cities and
the sample of smaller cities. Because we did not find this in previous estimations
(Table 2.8), we conclude that the results for these samples were previously biased
due to endogeneity. When we control for the city region dummy, the effect of
diversity on wage residuals remains statistically insignificant. The control variables
continue to have the same effect.
The results previously found for the housing market hold, even when implementing IV estimations (see Table 2.13). The effect of the instrumented diversity
index on the city fixed effects from the housing market is negative and statistically
significant for all samples, although the estimated coefficients are larger in the IV
estimates. The effect of the share of highly educated residents, labor market density,
and the presence of a historic city center on the city fixed effect continues to be
positive and significant. We are therefore confident that the results for the housing
market are robust and that the causality runs from ethnic diversity to local housing
price residuals.
Finally, we test for the possibility that the response of non-immigrants to immigration would bias the estimated wage and housing price equations. Tables 2.14
and 2.15 show the results of a simple fixed effects regression where the growth in
the share of the native population is explained by the growth in the immigrant population (and vice versa). From Table 2.14, it can be seen that the strongest effects
are found in the regressions that use the growth of non-immigrant and immigrant
population in the same year, which leads us to believe that, as regards location
decisions at the city level, immigrants and natives react to the same stimulus rather
than to each other. When we include lags in our regressions, we find some statistically significant positive results, but the coefficients and R 2 are much lower than in
21

For 21 municipalities, one or more of the instruments are not available, and these municipalities
drop out of the IV regression.

0.193

0.029
0.028

0.062

0.203∗∗∗
0.29
605
0.159∗∗∗
−0.374∗∗∗
0.26
129.47
1.696

0.061
0.019
0.008
0.059
0.007

st. err.

0.137
−0.053∗∗∗
0.006
−0.040
−0.024∗∗∗

∗∗

0.217∗∗∗
−0.222∗∗∗
0.21
72.64
0.321

0.100
−0.059∗
0.007
0.008
−0.020∗∗
yes
0.195∗∗∗
0.40
605

coef.

0.571

0.033
0.028

0.072

0.088
0.033
0.011
0.083
0.008

st. err.

0.245∗∗∗
−0.478∗∗∗
0.26
24.71
7.931

0.015
0.28
96

0.087
−0.008
−0.013
−0.112
−0.008

coef.

0.005

0.080
0.081

0.201

0.090
0.035
0.011
0.081
0.018

st. err.

25 largest cities

∗

0.193∗∗∗
−0.321∗∗∗
0.28
98.06
0.527

0.283∗∗∗
0.31
509

0.137
−0.060∗∗∗
0.011
−0.050
−0.031∗∗∗

coef.

0.468

0.033
0.029

0.094

0.071
0.021
0.011
0.075
0.009

st. err.

Other cities

a

Data source: CBS (GBA, SSB), NVM, ABF, Real Estate monitor.
Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1
significance levels, respectively. Year dummies are included in the estimation, but the estimated coefficients are not reported here.

First-stage
Share social rent
Share Christian votes
Partial R 2
F -test
Hansen J statistic (p-value)

Diversity
Housing market effect
Historic center
Share high education
Population (ln)
City-region dummies
Constant
R2
Observations

coef.

All cities

Table 2.12: Instrumental variable estimates of equation (2.7), city fixed effect from the wage equationa
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coef.

st. err.

coef.

0.174
0.307
0.037
0.168
0.015
0.181

st. err.

−0.721∗∗∗
−0.271∗∗∗
0.045∗∗∗
1.018∗∗∗
0.162∗∗∗
−1.869∗∗∗

coef.

0.105
0.089
0.017
0.093
0.009
0.117

st. err.

Other cities

st. err.

−0.419∗∗
−0.563∗
0.120∗∗∗
0.657∗∗∗
0.159∗∗∗
−1.863∗∗∗

25 largest cities

coef.

0.071
0.062
0.022
0.082
0.016
0.210

0.270∗∗∗
−0.342∗∗∗
0.36
153.66
0.321

0.65
509

0.086
0.088
0.020
0.083
0.007
0.101

0.002

0.571

0.413
0.030

−0.633∗∗∗
−0.305∗∗∗
0.085∗∗∗
0.987∗∗∗
0.163∗∗∗
−1.892∗∗∗

0.66
96
0.140
−0.861∗∗∗
0.31
32.42
9.342

0.141
0.170

−0.480∗∗∗
−0.151∗∗
0.037∗
0.814∗∗∗
0.046∗∗∗
−0.602∗∗∗
yes
0.81
605
0.64
605

0.362

0.027
0.035

0.041
0.037

0.306∗∗∗
−0.427∗∗∗
0.36
156.98
1.009

0.315

0.442∗∗∗
−0.290∗∗∗
0.39
245.39
0.831

All cities

Table 2.13: Instrumental variable estimates of equation (2.8), city fixed effect from housing price equationa

Diversity
Labor market effect
Historic center
Share high education
Jobs (ln)
Constant
City-region dummies
R2
Observations
First-stage
Share social rent
Share Christian votes
Partial R 2
F -test
Hansen J statistic (p-value)

Data source: CBS (GBA, SSB), NVM, ABF, Real Estate monitor.
a
Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1
significance levels, respectively. Year dummies are included in the estimation, but the estimated coefficients are not reported here.
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Table 2.14: Fixed effect estimates for growth of native populationa
One-year lag

Growth immigrants
Growth immigrants
Growth immigrants
R2

coef.

st. err.

0.177∗∗∗

0.031

0.25

coef.

st. err.

0.084∗∗∗

0.018

0.07

Two-year lag
coef.

st. err.

0.079∗∗∗
0.04

0.017

Data source: CBS (GBA, SSB), NVM, ABF, Real Estate monitor.
Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by
***, **, * for the 0.01, 0.05, and 0.1 significance levels, respectively.
a

Table 2.15: Fixed effect estimates for growth of immigrant populationa
One-year lag

Growth natives
Growth natives
Growth natives
R2

coef.

st. err.

1.432∗∗∗

0.205

0.25

coef.

st. err.

1.017∗∗∗

0.121

0.14

Two-year lag
coef.

st. err.

0.887∗∗∗
0.09

0.115

Data source: CBS (GBA, SSB), NVM, ABF, Real Estate monitor.
Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated
by ***, **, * for the 0.01, 0.05, and 0.1 significance levels, respectively.
a

the non-lagged regressions. Table 2.15 shows the regression of the growth of the
immigrant population on the growth of the native population. Compared to Table
2.14, we find that the effect of the growth of the non-immigrant population on the
growth of the immigrant population seems to be stronger than vice versa.
In sum, we believe that the various robustness checks allow for the conclusion
that our results for the housing market are not seriously biased because of endogeneity problems. Our results for the labor market, however, are less robust, and
our IV strategy suggests that there might be an endogeneity bias, although this does
not significantly undermine our findings. Moreover, in both markets, the risk of
potential estimation biases is reduced in the regressions that include city dummies,
because they account for much unobserved variation that may explain local market
characteristics.

2.8 Conclusions
We have identified the role of ethnic diversity in explaining spatial disparities in
wages and housing prices across Dutch cities. Like in Ottaviano and Peri (2006), we
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found that ethnic diversity has an overall positive effect on average housing prices
and wages, although the wage effect is not very robust against endogeneity bias
and is small in our case. Controlling for homeowner heterogeneity, like in Combes
et al. (2008), revealed that spatial differences in housing prices and especially wages
are largely driven by the sorting of individual agents. After having corrected for
spatial sorting in the labor and housing markets, we found that ethnic diversity has
a negative impact on local housing markets, while its impact on local labor markets
tends to be positive, albeit weak. Taking into consideration the socioeconomic
position of immigrants, we found that the negative impact of ethnic diversity on
local housing markets is likely to be driven by a causal effect between the presence
of immigrants and neighborhood quality that outweighs the positive effect of
immigrant-induced diversity in consumption goods.
With the importance of spatial sorting in assessing the economic impact of
ethnic diversity having been established, additional research is needed to further
identify the nature of the sorting processes in cities. Which individuals prefer
culturally diverse cities, and what are the determinants for the underlying processes
of sorting? Is it true that people who derive a high utility from living and working in
a multicultural environment may be more tolerant and constitute the creative class
of more highly educated people (Florida, 2002b; Olfert and Partridge, 2011)? In
the next chapter, we further explore these hypotheses by allowing heterogeneous
workers and homeowners to benefit differently from ethnic diversity.
In this chapter, we have assessed the impact of ethnic diversity on local markets
from a cross-city perspective, leaving aside the fact that individuals sort themselves
across neighborhoods within cities. Preliminary evidence for the Netherlands
suggests that within cities, sorting is likely to be determined by consumer amenity
considerations (De Groot et al., 2010). Obviously, this calls into question the role
of ethnic diversity in explaining spatial disparities in wages and housing prices
across different neighborhoods within the same city, and the extent to which the
observed patterns are driven by immigrant-induced consumption amenities. These
questions are the main focus of the fourth and fifth chapter of this dissertation.

Appendix 2.1
This appendix contains a detailed description of the variables used in the research
in this chapter as well as a description of data selection and cleaning.

City where the home owner has 1999–2008 CBS-GBA
bought a house (housing market
area).

City where the home owner works 1999–2008
in the year of purchasing the
CBS-SSB-Banen,
house (labor market area).
SSB-zelfst, ABR

Cultural diversity index per city.

Share of Christian-party votes in De Kiesraad 1982–1994 We use the share of votes for Christian parties in a city over four
elections 1982, 1986, 1990, and 1994, and link these chronologically to
municipality elections between
1982 and 1994.
the 5 time periods in the analysis. We do not have information for all
municipalities which drop out of the IV regression analysis as a result.

Historic center.

Housing price per square meter.

Type of dwelling.

City of work

Diversity

Share Christian votes

Historic center

Housing price

House type

1999–2008 NVM

1999–2008 NVM

NVM

1999–2008 CBS-GBA

Houses are categorized according to 20 house and apartment types.

Prices are constant 2008 prices. Transactions are selected between
e30,000 and e15,000,000 and with a minimum floor area of 30 m2 . All
houses sold for more than twice or less than one-third of the initial
offer price are excluded.

Dummy variable is 1 if, between 1995 and 2009, more than 15 percent
of the houses sold in a city were built between 1500 and 1905 or more
than 23 percent of the houses sold in a city were built between 1905
and 1930.

According to equation (3.3). The index is constructed for all residents
in a city, based on the country of birth of the parents.

For each home owner, the city of work is determined either by survey
data, or by looking at the location of a firm and the location of the
subsidiaries of the firm. If the firm has no subsidiaries, the location of
the head quarters (HQ) of the firm is the city of work. If the firm has
multiple subsidiaries, the worker is assigned to the subsidiary that is
closest to the residential city of the worker based on Euclidean
distance.

House buyers are identified by selecting the individuals registered at
the address of a sold house within approximately nine months (275
days) and at least staying there 90 days. Households with one or two
adults are selected. If we have a household with two adults, who both
have an income from (self)-employed work, we assume that both
wages are used for financing the house. This is a very realistic
assumption in The Netherlands. It is thus possible that one
transaction in the data set has two home owners. We consider both
owners individuals who bought a house and estimate the rent and
wage equation for both owners individually.

Of the owners, 54 percent is male and 46 percent is female. The
average age is 35 years.

City of residence

1999–2008 CBS-GBA

Age of the home owner.

Description

Age

Period and source

Definition

Variable

Table A.2.1: Variable description.
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The number of jobs reachable
1996–2006 ABF real
within 45 minutes of commuting estate monitor
time from a city.

State of outside maintenance.

State of inside maintenance.

House constructed before 1930.

Number of inhabitants of a city.

City index for quality of living.

Number of restaurants per 10,000 1996–2007 ABF real
inhabitants.
estate monitor

Jobs

Maintenance outside

Maintenance inside

Pre-1930 construction

Population

Quality of living

Restaurants

Population in 2008 is induced using average growth rates of
population between 1999 and 2007.

Dummy variable equals 1 if house is constructed before 1930.

Dummy variable equals 1 if state of inside maintenance is good.

Dummy variable equals 1 if state of outside maintenance is good.

The number of jobs in a city plus the number of jobs in each city that
is within 45 minutes of travel time. Number of jobs in 2007 and 2008 is
induced based on average growth rates of jobs between 1996 and 2006.

Income per person in a city.

Number of restaurants in 2007 and 2008 is induced based on average
growth rates of restaurants between 1996 and 2007.

1998, 2002, 2006, 2008, All values are deviations from national averages. As the index is
2010 Ministry of
available for five year and we have averaged the data set to five
Internal Affairstwo-year time intervals, 1998 is linked to 1999–2000, 2002 is linked to
Leefbaarometer
2001–2002, 2006 is linked to 2005–2006, and 2008 is linked to
2007–2008. The overall index is constructed out of: safety, population
composition, residential dwelling composition, private amenities,
social coherence, and presence of natural amenities (sea, forest, or
nature reserve). Safety consists of: vandalism, disturbance of public
order, violent crimes, car theft, and discomfort. Population
composition consists of: share of unemployed, dominance of less than
two times standard income, dominance minimum income,
dominance of more than two times standard income, share of
non-Western migrants, and share of high educated. Dwelling
composition consists of: dominance of detached houses, duplex,
apartment buildings over four floors, apartments, farm houses, urban
prestigious houses, suburban prestigious houses, age of construction,
density, and share of social housing.

1972–2007 ABF

1999–2008 NVM

1999–2008 NVM

1999–2008 NVM

1999–2008
CBS-SSB-Banen,
SSB-zelfst

Income per capita in a city.

Income

Description

Table A.2.1: continued.
Period and source

Definition

Variable
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Industry of employment of the
home owner.

Sector

Yearly wage of the home owner.

Wage

1999–2008
CBS-SSB-Banen,
SSB-zelfst

Prices are constant 2008 prices. For employed individuals, the fiscal
wage is taken, divided by the number of days worked, times 261. If
individuals have had multiple jobs in one year, the arithmetic mean is
taken. Wages from jobs held less than 30 days are removed from the
data set. Individuals with a yearly wage of between e16,500 (the
minimum wage) and e15,000,000 are used in the analysis. For
self-employed, the gross profit is taken from the tax income
statements. Only individuals that were self-employed throughout our
sample period (1999–2008) and that earned a stable profit are selected.
Self-employed with a profit less than e16,500 are removed from the
data set. The profit is cut off at e10,000,000. The wage is corrected for
yearly commuting-time costs. We construct commuting time costs for
workers that commute between municipalities. According to research
on Dutch mobility (Olde Kalter et al., 2010), the average travel speed
for commuting is 45 km/h (or 0.75 km/min) (by car) and the average
value of time is e8 per hour (or e0.133 per minute). Since we have
only Euclidean distance, we multiply the distance by 1.3 to approach
real distances. Considering 261 days of work per year and commuting
to and from work, we construct the yearly travel time costs.

According to equation (2.4). For one city, this information is not
available and this city therefore drops from the sample for the IV
regression.

Shift share of the share of social
housing (of the total number of
houses) in a city based on the
share in 1971.

Share social rent iv

1971–2007 ABF

People holding at least a bachelor degree are highly educated.

According to SBI-coding of 15 sectors. If a home owner has multiple
jobs in different sectors, the sector from which the most wage is
generated is taken.

Variable contains the number of restaurants per 10,000 inhabitants
per city times a diversity index according to equation (3.3) based on
the nationality of the kitchen of the restaurants. In total, 20 categories
of kitchen nationality are distinguished of which one is considered
Dutch.

Description

Share of highly educated The share of high educated in the 1999–2008
city.
CBS-OPLNIV

1999–2008
CBS-SSB-Banen,
SSB-zelfst

Number of restaurants per 10,000 1996–2007 ABF real
inhabitants × restaurant diversity. estate monitor

Restaurant indicator

Period and source

Definition

Variable

Table A.2.1: continued.
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CHAPTER

Valuation of Ethnic Diversity
Heterogeneous Effects in an Integrated Labor and Housing Market1

3.1 Introduction
Many European countries are experiencing a rapidly changing population composition. This is leading to increased diversity associated with new and growing immigrant groups. However, whether the impact of diversity on economic outcomes
is positive (a diversity dividend) or negative (a diversity debit) is still very much
a matter of empirical debate (see, for example, Kemeny, 2014, for an overview).
In general, there is evidence that, at least for some specific types of firms (mostly
large, multinational, and high-tech firms), a moderate amount of diversity seems
beneficial for productivity and innovativeness, but for utility-related measures such
as location-specific preferences, the empirical evidence is much thinner, and if it is
at all positive then it is only marginally so.
This empirical ambiguity can partly be explained by two methodological issues:
first, the outcomes depend heavily on the specific subsample chosen and, second,
most research on the economic impacts of diversity has focused on the ‘average’
effect. The latter issue is concerned with the fact that it is either assumed that
all individuals benefit equally from ethnic diversity or that specific homogeneous
groups of individuals are sampled to control for possible variation in the impacts
(see, for example, Ottaviano and Peri, 2005, 2006). The usual approach to account
for the possible heterogeneity in the effects is to use individual fixed effects. This
approach controls for (un)observed individual characteristics that might determine differences in utility and preferences, such as education level, skills, income,
occupation, experience, or age, to name a few. We showed in the previous chapter
that precisely these (un)observed heterogeneous individual characteristics play
an important role in explaining individual differences in wages and utility in the
Netherlands. Thus, disregarding individual variation in characteristics by focusing
1

This chapter is based on joint work with Thomas de Graaff (Vrije Universiteit Amsterdam).
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on the average effects of diversity on wages and utility very likely provides a biased
view of the true effects of ethnic diversity on specific population groups. In fact, in
the next section we argue that failing to account for heterogeneity results in biased
estimates of the impacts of diversity on wages and utility.
We hypothesize that the utility derived from living or working in ethnically
diverse cities2 differs among individuals. If the working population consists of
individuals whose preferences for ethnic diversity differ, spatial sorting is likely to
occur because spatial differences in ethnic diversity are apparent. The question,
then, is to what extent the effect of ethnic diversity prevails in the labor market
and/or the housing market. The effect on the former involves increased productivity externalities caused by ethnic diversity in firms or the local labor market. The
effect on the latter involves increased utility from local ethnic consumer amenities,
such as a more diversified supply of products and services.
It is not clear a priori which individual characteristics lead to different valuations of ethnic diversity. We therefore adopt an empirical approach in which we
assume that differences can be inferred based on a worker’s behavior in both the
housing and labor markets and her preferences for amenities (following Roback,
1982). By estimating a finite mixture model, subgroups in the data as well as the
simultaneous decisions of workers in both markets can be determined without
prior knowledge about the individual characteristics that cause these differences.
Consequently, an ex-post description of the differences between subgroups in
terms of the characteristics of individuals provides insights into the drivers that
determine to which subgroup an individual belongs. We are not aware of other
research that explores the heterogeneous effects of ethnic diversity on individual
utility.3
Using a framework of heterogeneous individuals in an equilibrium model of the
labor and housing market (as in Roback, 1988), our approach improves upon the
results from research that estimates individual labor and housing market decisions
separately. We deviate from Roback (1988) in our analysis in that we explicitly
allow individuals to work and live in different cities. Relaxing the assumption
that the amenity endowment in the area of work is equal to that of the area of
residence accommodates the empirical setting in many countries, especially in the
Netherlands, where half of the workers do not live in the same municipality in which
they work. This approach also improves on current research that has given little
attention to individual differences in preferences for working or living in ethnically
diverse areas (for example, Bakens et al., 2013), and research in which subgroups of
heterogeneous individuals are assumed a priori based on assumptions about the
causes of heterogeneous effects (for example, Dalmazzo and de Blasio, 2011). One
of the best known examples of the latter is Florida’s ‘creative class’ research (Florida,
2

This analysis focuses on municipalities, which in the remainder of this chapter we will refer to as
cities.
3
There is related research in which Ozgen and De Graaff (2014) and Nathan (2014) apply finite
mixture models to analyze the effect of (ethnic) diversity on productivity and innovation.
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2002b), in which he assumes and finds that high-skilled individuals, people working
in ‘innovation and creative’ occupations, but also bohemians4 , thrive in places with
low barriers to entry for human capital. These are typically places that are diverse
in their population composition. Still, the individual characteristics that cause
these preferences for ethnic diversity are difficult to disentangle in this framework,
and the empirical evidence for the validity of the assumption of a creative class is
mixed (Nathan, 2015).
This research is also related to the empirical urban economics literature regarding city characteristics, sorting, and labor market outcomes. In this line of
research, the importance of heterogeneous individual characteristics for labor
market outcomes is widely recognized, and it is found to interact with the local
characteristics of the labor market, for example city size and density (see Combes
et al., 2008; Baum-Snow and Pavan, 2013; Baum-Snow et al., 2014; Behrens and
Robert-Nicoud, 2014; Eeckhout et al., 2014). One of the most frequently explored
causes of differences between individuals is ability, in particular skill and education
levels. Through ex-post descriptions of individual group characteristics we contribute to the knowledge regarding which individual characteristics might underlie
the differences in preferences for specific city characteristics.
Based on the theoretical implications from Roback (1982, 1988), we identify
four subgroups of individuals in our data based on preferences for amenities and
observed and unobserved individual characteristics. Our results show that there
is one large subgroup, which includes almost 72 percent of the individuals in our
data, and three smaller subgroups. The subgroups differ in terms of their location
patterns, with two of the small subgroups clustering in and around the largest
cities in the country and the other small subgroup clustering in the periphery of
the Netherlands. The largest subgroup is more dispersed over the country. These
clustering patterns are generally in line with the results of our finite mixture model.
We identify three possible utility effects of ethnic diversity: a scale effect, a composition effect, and a consumer good effect. We measure the size effect by the share
of immigrants (foreign share), the composition effect by the diversity among immigrants, and the consumer goods effect by the ethnic diversity of restaurants. Most
individuals in our data set (those who work and live in areas with a considerable
share of immigrants) derive a positive productivity effect from foreign share, in that
both the wages and rents are higher if the foreign share in a city is higher. The subgroup that is concentrated in areas with fewer immigrants derives a positive utility
from a higher share of foreigners, while the subgroup concentrated in and around
the largest cities of the Netherlands derives a negative utility from a higher share of
foreigners. We do not find that population and restaurant diversity have statistically
significant joint labor and housing market effects for most of the individuals in our
data set. Implicit prices show that the effects of higher (or lower) foreign share, population diversity, and restaurant diversity are most likely moderate. However, the
4

Florida (2002a) defines bohemia as a group of people based on their occupations. These are
predominantly creative occupations in the cultural sectors or in the ‘arts’, such as artists, musicians,
actors, photographers and authors.
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fact that we only analyze a subset of individuals, namely homeowners, and that the
different subgroups sort over different areas in the Netherlands might potentially
cause these effects to be underestimated. Deriving policy recommendations based
on the four groups we find in this study should therefore be done with caution.
The remainder of this chapter is organized as follows. The next section presents
the assumptions behind our proposed theoretical equilibrium model of location
choices of individuals based on local amenities in the labor and housing markets.
We discuss the estimation of a finite mixture model in Section 3.3. Section 3.4
describes the data we use in our empirical analysis. Section 3.5 gives the results and
post-descriptives of the groups we identify using a finite mixture model. The last
section of this chapter concludes and discusses the implications of the approach
described in this chapter.

3.2 Theoretical Background
This section describes the theoretical framework behind our empirical estimation.
Preferences for local amenities are often identified via hedonic price models, for
which Roback (1982) introduced a model in which the labor and housing markets
clear simultaneously. We follow Ottaviano and Peri (2005, 2006) and treat population diversity and immigrant-induced product diversity as local amenities in a
Roback-type model. We do not intend to present a fully tractable urban equilibrium
model with inter-city commuting costs and heterogeneous firms and workers.5
Instead, our aim is to provide the theoretical background from which we can implicitly construct empirical wage and rent equations consistent with our assumptions.
In the most basic version of Roback’s regional equilibrium model, homogeneous
workers and firms sort over cities that have different endowments of an amenity
(Roback, 1982). In equilibrium, all workers and firms are equally well off and
there are no incentives to move. In all cases, it is assumed that there are no intracity differences in wages and rents. The equilibrium is obtained because workers
and firms make trade-offs between wages and rents. Consider the case of an
unproductive amenity.6 Workers prefer high-amenity places, but firms prefer lowamenity places. In high-amenity places, wages are lower, while rents adjust to
limit relocation of workers into the high-amenity places. Stated differently, in
low-amenity places, firms have to pay relatively high wages to compensate their
workers for the disutility of living in a low-amenity city.
In the example above, assumptions are made that are generally rather restrictive for describing real urban structures. It is assumed that workers are perfect
substitutes, while in reality substitution is less than perfect. Imperfect substitution
implies that firms typically want different types of workers. Moreover, firms differ
5

Indeed, equilibrium wages and rents in such models are very difficult to solve analytically. One
usually has to resort to numerical analysis.
6
All examples described in this section are taken directly from Roback (1982, 1988).
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Source: Roback (1988).

Figure 3.1: Sorting of consumers over locations with varying amenity endowments

in the type of products they produce, and many cities have a diversified sector
structure. Additionally, preferences for amenities differ between workers, and not
all workers live and work in the same city. The trade-off between wages and rents
and the level of amenities in a less restricted setting leads to an urban system that
approaches a more realistic city structure.
Without going into the exact details,7 we assume a model in which workers are
differentiated in subgroups based on their preference for amenities, and workers
are strictly homogeneous within these subgroups. This assumption fits well with
the type of model that we estimate in Section 3.5, namely a model that identifies different subgroups of workers with homogeneous preferences within each
subgroup. We further assume that different workers are imperfect substitutes in
the production process. Because different workers are needed in the production
process, the wages of workers across the groups are correlated.
To illustrate as concisely as possible the interdependency between group-wages
of workers and the occurrence of multiple equilibria with different combinations
of wages and rents, we consider the simplest case consisting of only two different
groups of workers. Extensions to the heterogeneity of firms are straightforward, but
lead to a slightly more complex exposition.
Firms are considered homogeneous but employ both types of workers because
of imperfect substitution between the two groups of workers. The wages of the
two homogeneous worker groups are w and w ∗ , respectively. Figure 3.1 shows the
cost functions of a typical firm and the utility functions of a typical worker from
the first group (w). The starting point is at A, where a typical worker in this group
enjoys an amenity level n 1 , earns wage w and pays rent r . If we consider a sudden
7

The underlying assumptions and restrictions of this type of model can be found in Roback (1988).
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exogeneous rise in the city’s amenity level from n 1 to n 2 , four possible outcomes
may occur.
First, the amenity is not amenable for the w workers, and the amenity itself has
no productivity effect. In this case, the equilibrium remains at A. However, if the
amenity is amenable for w workers, the equilibrium relocates to point B . Wages
are lower and rents are higher, i.e., the w workers accept a lower real wage to be
in the high-amenity location. Point D is the equilibrium if the amenity only has a
positive productivity effect. Firms can pay higher wages because production costs
are lower, and workers can use a part of these higher wages for higher rents. If the
amenity only has a positive utility effect for the w ∗ workers, the equilibrium can be
represented by point D. In this case, the relative price for the w workers will go up
due
the amenity has a positive productivity effect and is amenable for the w workers.
The total effect on wages is ambiguous because the w workers accept lower wages
but firm productivity increases. C also represents the case in which the amenity is
amenable for the w ∗ workers and increases the firm’s productivity.
This stylized model, which already exhibits complex implications even without
firm heterogeneity, produces four types of equilibria depending on whether the
amenity is amenable for the w workers and whether it increases the firm’s productivity (or is amenable to the other type of workers in this model). For the w ∗
workers we also find four equilibria that, because of labor and land market clearing,
should coincide with those of the w workers.8 So at the very least we should allow
for four types of wage and rent combinations. This argument slightly deviates
from the labor market literature that seeks to model unobserved heterogeneity in
levels by using mass-points. This allows for typical low–low, high–low, low–high
and high–high combinations. In our case, the theoretical framework leads not only
to level but also to slope variations, because we are interested in the varying impact
of amenities on wages and rents.
Based on this framework, we argue that part of the rent increase for firms and
the w workers could be avoided by locating further away from expensive cities at
the cost of valuable commuting time if inter-city commuting is allowed. In the
end, this leads to a sorting process in which both types of firms and both types of
workers sort across cities that have varying endowments of amenities. It is now
straightforward to see that failing to properly account for unobserved heterogeneity
empirically in both the preferences of individuals and production functions leads
to biased estimates in both markets. It is therefore crucial that wage and rent
equations are estimated simultaneously to correctly assess the impact of ethnic
diversity as an amenity. In the next section, we show that this theoretical framework
can be appropriately estimated using a multivariate finite mixture model.
8

Note that for the sake of the validity of this argument we need to fix firms’ labor force composition.
To remove this assumption, we should allow for heterogeneity between firms as well, so that one
group of firms increases its productivity more because of amenities than the other group. However,
this does not change the intuition and the basic arguments underlying Figure 3.1.
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3.3 A Multivariate Finite Mixture Model
The basic assumption we make, based on Roback (1982, 1988), is the existence of
heterogeneity in consumer utility (and possibly firm productivity) due to ethnic
diversity. We apply the model described above to the locational outcomes of homeowners in the Netherlands by estimating a multivariate finite mixture model. In a
finite mixture model, the allocation of individuals to subgroups is defined within
the model estimation (see McLachlan and Peel, 2000). The different subgroups, or
classes, are thus not defined a priori based on observed characteristics. Moreover,
a multivariate finite mixture model makes it possible to deal with the fact that
choosing both where to work and live are dependent decisions in which observed
and unobserved individual characteristics affect both decisions. The result is a
number of subgroups that differ in terms of unobserved and observed characteristics between the subgroups, while within the subgroups individuals are considered
to be homogeneous in their preferences for different kinds of amenities.
To estimate the valuation of diversity and amenities, we make three assumptions. First, we assume that individual and housing characteristics have a generic
effect on wages and rents while preferences for amenities have a heterogeneous
effect on wages and rents. As shown in equations (3.1) and (3.2), we thus assume
that individual characteristics affect wages and housing characteristics impact
housing prices homogeneously across all individuals in our sample, while the effect
of amenities is considered to be heterogeneous.9
Second, we assume that the observations are taken from a population that is a
mixture of z subgroups with mixing proportions (McLachlan and Peel, 2000). We do
not know, a priori, from which subgroup we observe (w i , r i ). Finally, following the
theoretical specification of Roback (1988), we allow individual characteristics in the
housing and labor markets to be correlated. This means that the composition of the
subgroups are the same for the labor and housing markets, i.e., if a worker is part of
a specific subgroup in the labor market, she is also part of that specific subgroup
in the housing market. This allows us to control for unobserved heterogeneity in
the preferences among different subgroups in the labor market and unobserved
heterogeneity in the preferences among different subgroups in the housing market.
The regression equations we estimate are as follows:
ln w i = βz1 + x i0 β1 + D 0 βz2 + g 0 βz3 + ξt + µi ,

(3.1)

ln r i = γz1 + Hi0 γ1 + D 0 γz2 + g 0 γz3 + ψt + εi ,

(3.2)

where w i is the yearly wage of individual i in the city of work and r i the house
price per square meter of individual i in the city of residence, which does not
9

Because we are predominantly interested in differences in preferences for amenities, this assumption greatly simplifies our estimations. However, it can be argued that the effect of age or sector of
employment on wages might be heterogeneous and that preferences for housing characteristics
differ. In this chapter, we aim to control only for the individual and housing characteristics on wages
and house prices, respectively.
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need to be the same as the city of work. The coefficients related to the vector of
individual characteristics in the labor market, β1 , and the set of dwelling characteristics of the house of individual i , γ1 , are homogeneously estimated. The following
individual characteristics are included in x: education level, age, sector of employment, household type, a dummy for males, a dummy for the individual member
of a double-income couple, and a dummy for natives. The following dwelling
characteristics are included in H : the number of rooms, the type of dwelling, the
construction period, a garden dummy, and a dummy for good maintenance. The
constant terms, the coefficients corresponding to the vector of diversity indices
D, and the coefficients of the vector of amenities g are allowed to be specific to
subgroup z. To control for year-specific effects, we include year dummies ξt and
ψt . Finally µ and ε are the error terms, which are assumed to be correlated because
decisions regarding the location of work and residence are related because either
they are made in tandem or one restricts the other.10
We use a multivariate finite mixture model to estimate equations (3.1) and (3.2)
simultaneously.11 A finite mixture of regressions assumes that the observations
in a data set can be from z different subgroups, with each subgroup following a
different parametric distribution. The maximization of the log-likelihood function is implemented using the iterative Expectation Maximization (EM) algorithm
(Dempster et al., 1977). In the first step (E-step), the expected value of the complete
log-likelihood function with respect to different subgroups is computed at the
current estimate of the parameters. Because there is no straightforward way of
distinguishing the different subgroups, this step calculates the posterior probability
of individual i belonging to subgroup z. The second step (M-step) maximizes
the log-likelihood of the function derived in the first step. The regression coefficients for each subgroup are estimated using the probability weights for that
subgroup for all individuals and are then used to determine the expected value of
the complete log-likelihood function in the next E-step. This procedure iterates
until convergence is achieved.

3.4 Data
Our analysis is based on a data set that contains observations of individuals in the
labor and the housing markets in the Netherlands. The data consist of house transaction prices between 1999 and 2008, which are provided by the Dutch Association
of Real Estate Agencies (NVM). The house transaction data include information

10

Both wages and housing prices are in constant 2008 prices.
We refer to McLachlan and Peel (2000) and Grun and Leisch (2008) for detailed information
on finite mixture model estimations. For the estimation procedure we use the flexmix package
developed in R by Grun and Leisch (2008).

11
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on the transaction date, transaction price, dwelling characteristics, and location.12
About 50 to 70 percent of all residential houses sold in the Netherlands are registered by NVM. For each house sold, the owner of the house is identified using
administrative municipality data (GBA) from Statistics Netherlands. Each adult
(maximum of two per house) who has an income from (self-)employed work and
who moved to the address within nine months of the date the house was sold
is included in the data set.13 We only include individuals that stay registered at
that address for over 90 days. The administrative municipality data also includes
individual demographic information such as date of birth, country of birth (also
that of both parents), and gender.
The constructed data set of homeowners is linked to firm data to identify the
work location, sector of employment, and income of the house owners. The labor
market data are also provided by Statistics Netherlands. For employed individuals,
we obtain the yearly wage by multiplying the daily wage with an average working
year of 261 days. For self-employed individuals, we use the reported yearly profit.
All income is stated in constant 2008 prices. We refer to Table 3.A.1 in Appendix
3.1 for a detailed description of all variables. Because we allow for commuting,
we correct the yearly wage for commuting costs if the city of residence is different
from the city of work. According to research on Dutch mobility (Olde Kalter et al.,
2010), the average travel speed for commuting is 45km/h (or 0.75km/min) by car,
and the average value of time is e 8 per hour (or e 0.133 per minute). Because
only Euclidean distance is readily available, we multiply the distance by 1.3 to
approach real distances. Considering 261 working days per year and the time spent
commuting to and from work, we construct individual yearly travel time costs and
deduct these from individual wages.
Amenity data for each Dutch municipality, such as the number of shops, theaters, museums, and restaurants, but also job and population density and the
share of highly educated residents are provided by Statistics Netherlands and the
Real-Estate Monitor (‘Vastgoed monitor’).
Whereas we use house prices to identify location preferences, rents are more
often used for this purpose (see, for example, the original work of Roback, 1982
and Ottaviano and Peri, 2005, 2006). Because we only use house prices and therefore capture the characteristics of homeowners, our sample and results are not
We only select transactions between e 30,000 and e 15,000,000 in constant 2008 prices and with a
minimum floor area of 30m2 . Additionally, houses sold for more than twice or less than one-third of
the initial offer price are excluded.
13
We do not perform the analysis on households or household heads because, in general, in the
Netherlands if a couple has two incomes, both incomes are used to obtain a mortgage and therefore
the individual characteristics of both people matter. Van der Straaten and Rouwendal (2010) studied
the co-location decisions of so-called power couples in the Netherlands and found that proximity
to dense labor market areas, railway stations, and urban amenities is more important for doubleincome couples than for average households. In the analysis in this chapter, we include a dummy
variable for individuals who are part of a double-income couple. Still, the disadvantage of treating a
couple as an individual decision maker is that we underestimate income, in that individual rather
than household income is used.

12
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Table 3.1: Descriptive statistics
City of Work

City of Residence

mean

st. dev.

Wage e/year
House pricec e/m2
Foreign share
Diversity excl. Dutch
Restaurant diversity
Restaurantsc
Museumsd
Theatersd
Shops (× 10)

39,813

24,715

0.24
0.91
0.75
7.78
0.68
0.22
13.01

0.13
0.03
0.12
3.71
0.48
0.17
3.29

Observations

48,522

b

mean

st. dev.

2,051
0.21
0.91
0.74
7.25
0.69
0.20
12.51

664
0.11
0.04
0.13
3.44
0.56
0.17
3.32

t -valuea

50.77
6.41
26.59
27.13
−4.90
30.21
27.83

48,522

Data source: Statistics Netherlands, NVM.
A paired t -test of the equality of means is performed, with H0 : µwork = µcity . The means of the
independent variables are all statistically significantly different between the city of work and the
city of residence.
b
The yearly wage is given in 2008 prices.
c
The house price per square meter is given in 2008 prices.
d
The number of restaurants, museums and theaters are measured as the number per 10,000
inhabitants.

a

representative of the entire population of workers. Generally, we do not capture
the lower end of the income distribution, i.e., that part of the labor market that
includes individuals who earn too little to be a homeowner, nor the unemployed.
The results can also be biased if homeowners are selected into home ownership
based on unobserved individual characteristics if these characteristics lead to, for
example, (better) jobs with higher incomes.14 However, in the Netherlands the
largest share of the rental market is rent controlled, especially in the larger cities.
The rent for social housing is based on housing characteristics only, irrespective
of the location of the dwelling. Rents, therefore, do not reflect a willingness to pay
for living in an area or a valuation of local amenities, as is assumed in hedonic
approaches and regional equilibrium models like those in Rosen (1974) and Roback
(1982). For these reasons, using rents, if available, is not preferred in the context of
this research.
The main variable of interest is the compositional effect of ethnic groups on
productivity and utility. We measure this effect by the so-called diversity index.
We identify an individual’s ethnicity based on the country of birth of the mother,
except when the mother is Dutch, in which case the country of birth of the father
determines her ethnicity. This definition thus encompasses first- and secondgeneration immigrants. For the analysis in this chapter, we only use non-Dutch
14

Using transaction prices leads to another selection bias if the sample of houses sold at a specific
time and location are of a specific character. For example, smaller houses for starters on the housing
market generally have a higher turnover rate than larger, more expensive houses.

3.5. Results

59

individuals to calculate the diversity index and add the general foreign share to
our regressions. In general, the largest cities have the highest shares of foreigners,
and the size effect of foreigners is thus very much related to the scale of a city.
Disentangling a diversity index that includes all ethnic groups (as was used in the
previous chapter) into the foreign share and the diversity index among foreigners,
allows use to distinguish between the scale effect of foreigners and their diversity.
The diversity index among foreigners for cities shows the probability that two
randomly selected foreign residents in a municipality are from different ethnic
groups. The index is defined as follows:
Dc = 1 −

m
X

(s ce )2 ,

(3.3)

e=1

where s ce is the share of people from ethnic group e among the foreigners of city c.
An index value of 0 indicates that all foreigners living in a city belong to the same
ethnic group, whereas all foreigners belong to different ethnic groups when the
index value is 1.15
The diversity index as given in equation (3.3) is also calculated for restaurants
based on their ethnic background, i.e., the country of origin of the food served,
in order to measure immigrant-induced product diversity. In total, 20 categories
of cuisine are distinguished, of which one is considered Dutch (see Table 3.A.1 in
Appendix 3.1).
We take a 10 percent sample from the full data set and estimate our model
using 48,491 observations.16 The sample is stratified by the municipality of work
to ensure the spatial representativeness of our data. Table 3.1 gives an overview
of the variables used in the analysis. Given that the municipalities of residence
and work can be different for an individual, we compose each variable for the
municipality of work and the municipality of residence. Table 3.1 shows that the
level of amenities in the cities of work in the sample and the level of amenities in
the cities of residence in the sample are statistically different. Jobs are clustered in
different cities than those that predominantly have clustering of residential houses.

3.5 Results
The previous sections show that in a regional model with two types of workers that
have preferences for high- or low-amenity areas in the labor and housing markets, at
least four equilibria exist. Extending this notion, we assume that, theoretically, four
different subgroups can be distinguished in our data that have different preferences
15

To be more precise, the maximum value of the index depends on the number of ethnic groups, m.
The maximum value is 1 − 1/m and approaches 1 in the limiting case in which m goes to infinity.
16
Correctly determining the variance-covariance matrix of a finite mixture model is done by simulation and is therefore rather time consuming. A reduced sample size (10 percent) facilitates
estimation.
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Table 3.2: Fit of the estimated results from Table 3.5
Subgroup 1

Subgroup 2

Subgroup 3

Subgroup 4

Number of individuals
4,401
3,615
Prior
0.171
0.123
Post> 0
47,881
48,484
Ratio
0.0919
0.0746
Log. likelihood
−10514.94 (df = 148)
AIC
21325.88
BIC
22626.76

34,880
0.487
48,202
0.7236

5,626
0.220
46,487
0.1210

for ethnic diversity in both markets. Empirically, our estimation results in one large
subgroup (group 3) and three small subgroups. Almost 73 percent of the individuals
in our sample are allocated to subgroup 3, while subgroup 1 has about nine percent
and subgroups 2 and 4 have about seven and 12 percent, respectively.
To get a general idea of the heterogeneity across subgroups and the homogeneity within subgroups, we provide Table 3.2. The posterior probability gives
the non-zero probability of being in a given subgroup. In this case, almost every
observation in the data set has a probability of being in any of the four subgroups.
Ideally, the probability of an observation is 1 for one subgroup and 0 for the other
subgroups. If an individual has a probability of 1 of being in a subgroup and a
probability of 0 of being in the other subgroups, we have perfect heterogeneity
between subgroups, perfect homogeneity within subgroups, and a high ratio of the
size of the subgroup to the posterior probability. The ratio is especially high for
subgroup 3 and low for subgroups 1 and 2. Empirically, the probability of being in
one of the subgroups is usually close to 1, and the other probabilities are rather
small. We use a cut-off value of 0.0001 for a probability to be counted in the results.
The first part of the results, the coefficients β1 and γ1 of regression equations
(3.1) and (3.2), are given in Tables 3.3 and 3.4, respectively. The coefficients of
the homogeneously estimated variables are as expected for both regressions. The
standard errors of the education dummies in Table 3.3 are rather small due to
the omission of low-income groups. The negative coefficient for the share of
highly educated residents in the city of work may also be related to sample bias,
in that one would expect the share of highly educated residents in the city of work
to have a positive effect on wages. Diversity (of all ethnic groups, including the
Dutch) at the neighborhood level is included for the housing price regression,
and this value is negative and statistically significant. This result indicates that
neighborhoods with a more diverse population have lower housing prices, all
other things being equal. This is the result found in most research, and it can be
caused by many mechanisms. It can mean that a diverse population is related
to lower housing prices, but it can also point towards the relationship between
immigrants and low-income neighborhoods and deprivation. For the purpose of
this chapter, which is to identify amenities at the city level, ideally the negative
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Table 3.3: Regression results for wages, fixed coefficientsa
ln(wage)
coef.
Highest obtained educationb
Secondary vocational
Bachelor
Master

st. err.

0.114∗∗∗
0.243∗∗∗
0.351∗∗∗

0.002
0.005
0.006

Sector of workb
Agricultural and mining
Industrial and utility
Construction and distribution
Other services

−0.089∗∗∗
0.034∗∗∗
−0.051∗∗∗
−0.071∗∗∗

0.021
0.005
0.004
0.003

Household typeb
Single person
Couple without children
Single parent

−0.008∗∗
−0.009∗∗
−0.066∗∗∗

0.004
0.004
0.010

24.490∗∗∗
−12.029∗∗∗
0.116∗∗∗
−0.033∗∗∗
−0.019∗∗∗
−0.006∗∗∗
0.020∗∗∗

0.339
0.316
0.003
0.004
0.003
0.002
0.002

Age
Age2c
Male
Non-Dutch ethnicity
Double income household
Share high education
Jobs (ln)

Data source: Statistics Netherlands, NVM.
The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1
significance levels, respectively. The variables share of high educated and the number of jobs within
45 minutes of commuting are standardized for comparability. The estimated coefficients then
signify the effect of a standard deviation increase on the dependent variable. Year dummies are
included in the estimations, but the coefficients are not reported here.
b
The reference categories are primary education, financial service sector, and couple with children,
respectively.
c
We have used an orthogonal polynomial specification to include age and age2 .
a
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Table 3.4: Regression results housing prices, fixed coefficientsa
ln(house price e/m2 )
coef.

st. err.

House typeb
Simple house
Boat house
Recreational house
Canal house
Mansion
Farm house
Bungalow
Villa
Manor house
Estate
Ground floor apartment
Apartment
Maisonette
Portico flat
Corridor flat
Nursing home
Ground and upper floor apartment

0.012
0.254∗∗∗
0.023
0.180∗∗∗
0.115∗∗∗
0.113∗∗∗
0.228∗∗∗
0.332∗∗∗
0.265∗∗∗
0.619∗∗∗
0.095∗∗∗
0.045∗∗∗
0.039∗∗∗
0.090∗∗∗
0.114∗∗∗
−0.746∗∗∗
0.086∗∗∗

0.008
0.066
0.126
0.026
0.004
0.013
0.010
0.007
0.016
0.182
0.006
0.006
0.007
0.005
0.007
0.102
0.023

Construction periodb
1906–1930
1931–1944
1945–1959
1960–1970
1971–1980
1981–1990
1991–2000
2001–

−0.066∗∗∗
−0.078∗∗∗
−0.099∗∗∗
−0.174∗∗∗
−0.205∗∗∗
−0.140∗∗∗
−0.098∗∗∗
−0.072∗∗∗

0.005
0.006
0.006
0.006
0.006
0.006
0.006
0.007

Number of rooms
Maintenance inside
Maintenance outside
Garden dummy
Diversity neighborhood

−0.018∗∗∗
0.065∗∗∗
0.050∗∗∗
0.077∗∗∗
−0.313∗∗∗

0.001
0.005
0.006
0.003
0.010

Data source: Statistics Netherlands, NVM.
The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1
significance levels, respectively. Year dummies are included in the estimations, but the coefficients
are not reported here.
b
The reference categories are single family house and 1500–1905, respectively.

a
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effects of diversity at a lower spatial level can be separated from the amenity effects
at the city level. Controlling for neighborhood diversity attempts to do just this.
An estimation of the homogeneous part of the regression excluding neighborhood
diversity indeed shows that the coefficients of population diversity at the city level
in the heterogeneous part of the regression are in general lower, indicating that
failing to control for neighborhood effects tempers the effect of diversity at the city
level.
The results of the heterogeneous part of the wage and house price regression
are given in Table 3.5. We mainly focus the interpretation of the results on the
coefficients of population diversity, restaurant diversity, and foreign share, because
the other amenities are included to control for other possible city characteristics
and amenities that explain wages and house prices. We follow Ottaviano and Peri
(2006) and Roback (1982) in interpreting the combined effect of foreign share,
ethnic diversity, and restaurant diversity on the labor and housing markets and
deduct a dominant prevailing effect. In our estimation with commuting, trade-offs
between the effects on the labor and housing markets can be made by living and
working in different cities, but the trade-off is bounded by commuting costs. This
does not impact the conclusions we can derive based on Ottaviano and Peri (2006)
and Roback (1982).
Roback (1982) states that a positive coefficient for diversity in the labor market
indicates a net disamenity for workers, while a negative coefficient for diversity
in the labor market indicates a net amenity for workers. For example, if workers
require a higher wage to compensate for living in an ethnically diverse city, firms in
that city are only able to pay that higher wage if they have some productivity advantage. Subsequently, positive coefficients for population or restaurant diversity and
foreign share in the housing market indicate amenities for workers. Ottaviano and
Peri (2006) elaborate on this interpretation by showing that a positive coefficient
for diversity in both markets signals a positive productivity effect. A firm is only
willing to locate to an area with higher land prices if productivity (and thus wages)
is sufficiently high. For workers, this implies that they are willing to pay higher
house prices if those prices are compensated by higher wages, and there is no
specific real wage effect. A positive coefficient for diversity in the labor market but a
negative coefficient in the housing market signals a negative utility effect, because
workers need to be compensated for loss of utility by lower house prices and/or
higher wages, i.e., higher real wages. Likewise, a positive coefficient for diversity
in the housing market combined with a negative coefficient for diversity in the
labor market signals that workers are willing to accept a lower real wage if the utility
derived from diversity is positive.
To complete the analysis of the results, we like to know whether the combined
effect is statistically significant and how substantial the effects are in terms of
implicit prices. We use a z-test to assess whether the combined effect from both
markets is statistically significant. We weight the housing market coefficients
according to the budget share spent on housing. Using the estimated coefficients
in Table 3.5 and the mean income and the mean price per square meter in Table
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Subgroup 2

Subgroup 3

Table 3.5: Regression results FMM with four groupsa
Subgroup 1

Subgroup 4

10.175∗∗∗
0.010
0.018∗∗∗
−0.002
0.048∗∗∗
−0.016∗
−0.004
−0.012∗∗
0.002

0.013
0.010
0.003
0.006
0.015
0.007
0.004
0.007
0.006

0.010
0.006
0.004
0.006
0.013
0.008
0.005
0.005
0.006

st. err.
0.010
0.005
0.003
0.004
0.010
0.005
0.003
0.004
0.004

7.410∗∗∗
−0.105∗∗∗
−0.002
0.047∗∗∗
0.180∗∗∗
0.064∗∗∗
0.011∗∗∗
−0.014∗∗
−0.018∗∗∗

coef.
10.182∗∗∗
0.039∗∗∗
0.004
0.005
−0.002
0.011∗∗
−0.004
0.002
−0.014∗∗∗

0.110
0.005
0.002
0.003
0.008
0.003
0.003
0.003
0.003

st. err.
0.019
0.015
0.010
0.013
0.029
0.016
0.011
0.012
0.011

7.428∗∗∗
0.087∗∗∗
0.037∗∗∗
−0.016∗∗∗
0.165∗∗∗
0.063∗∗∗
−0.009∗∗∗
0.042∗∗∗
−0.075∗∗∗

coef.

10.553∗∗∗
0.033∗∗
0.012
−0.011
−0.003
0.039∗∗
0.001
0.028∗∗
−0.008

0.013
0.008
0.006
0.006
0.017
0.008
0.007
0.006
0.007

st. err.

0.011
0.010
0.005
0.007
0.016
0.007
0.005
0.006
0.006

7.600∗∗∗
0.032∗∗∗
0.036∗∗∗
−0.027∗∗∗
0.117∗∗∗
0.107∗∗∗
−0.021∗∗∗
0.020∗∗∗
−0.053∗∗∗

coef.

10.027∗∗∗
−0.027∗∗∗
−0.003
−0.014∗∗
0.028∗
−0.008
−0.007
−0.014∗∗
0.015∗∗
0.015
0.007
0.005
0.006
0.013
0.004
0.004
0.005
0.005

st. err.

Wage
Constant
Foreign share
Diversity excl. Dutch
Restaurant diversity
Historic center
Restaurantsb
Museumsb
Theatersb
Shops (×10)
7.235∗∗∗
0.070∗∗∗
0.039∗∗∗
0.030∗∗∗
0.003
0.054∗∗∗
−0.030∗∗∗
0.051∗∗∗
−0.064∗∗∗

coef.

House price e/m2
Constant
Foreign share
Diversity excl. Dutch
Restaurant diversity
Historic center
Restaurantsb
Museumsb
Theatersb
Shops (×10)

Data source: Statistics Netherlands, NVM.
a
Huber-White robust standard errors are reported. The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05,
and 0.1 significance levels, respectively. All variables, except historic center, are standardized for comparability across groups. The estimated
coefficients signify the effect of a standard deviation increase on the dependent variable.
The number of restaurants, museums and theaters are measured per 10,000 inhabitants.
b
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Table 3.6: Implicit prices for immigrant-induced amenitiesa

Subgroup 1
Subgroup 2
Subgroup 3
Subgroup 4

Foreign Share

Diversity

Restaurant diversity

902.53∗∗∗
−2, 736.58∗∗
−1, 170.25∗∗∗
−689.82∗∗∗

163.55
−887.27
−33.82
−668.33∗∗∗

455.22∗∗
839.89
−233.41
217.68

Data source: Statistics Netherlands, NVM.
The implicit prices are given in euros per standard deviation as the variables are standardized in
the regression. The statistical significance of the effect is calculated for the null hypothesis that the
implicit price of the joint effect from both markets is zero for a subgroup, against the hypothesis
that the effect is unequal to zero. The coefficient on the housing market(β1 ), its variance, and its
covariance are weighted by k l , the mean budget share. The ***, **, * indicate that the null hypothesis
is rejected at the 0.01, 0.05, or 0.1 significance level, respectively.

a

3.7, we calculate the implicit prices of ethnic diversity, foreign share, and restaurant
diversity for the different subgroups. Some general assumptions about the yearly
share of income devoted to paying for housing (i.e., mortgage payments) and the
part of the total house price that is the price of land (i.e., that is not explained by
dwelling characteristics) are made. Table 3.6 shows whether the combined effect is
statistically significant as well as the implicit price each subgroup is willing to pay
for immigrant-related amenities on a yearly base. We assume a 5 percent mortgage
interest rate, the ratio of the land price to the total price of the house to be 0.25, and
a 120 m2 house.17
Only foreign share has a statistically significant joint effect for all subgroups.
Subgroups 2 and 3 derive a positive productivity effect from a higher share of
foreigners, while subgroup 1 derives a positive utility effect and subgroup 4 a
negative utility effect from foreign share. Subgroup 1 is thus willing to accept a lower
real wage if the share of foreigners is higher, while subgroup 4 requires a higher
real wage to compensate for the disamenity they experience from a higher share of
foreigners. We find the exact same results for population diversity, although the
coefficients are not jointly statistically significant, except for subgroup 4. Although
the individuals in subgroup 4 derive a negative utility effect from the immigrant
population, they derive a positive utility effect from restaurant diversity, albeit
not one that is statistically significant. Restaurant diversity only has a statistically
significant utility effect for subgroup 1. The joint effect of restaurant diversity is not
statistically significant for subgroups 2 and 3 either.
The sizes of the effects are also given in Table 3.6. Subgroup 1 is willing to pay
about an additional e 903 per year for housing for a one standard deviation increase
17

The implicit prices are calculated based on the calculation given in Roback (1982): p ∗ =
[k l (∂lnr /∂s) − (∂lnw/∂s)] w, where w is the mean yearly income of each group from Table 3.7
and k l is the mean budget share of land for each group based on the mean price per square meter
of each group. The budget share of land is calculated by multiplying the yearly expenditures on a
mortgage with a 5 percent interest rate for a 120 m2 house, with the price of land fixed at 0.25 of the
total transaction price.
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in foreign share and an additional e 455 for a one standard deviation increase in
restaurant diversity. Subgroups 2, 3 and 4 are willing to pay an additional amount
for housing to decrease the share of foreigners, but for different underlying tradeoffs. For subgroups 2 and 3, this trade-off relates to the increase in wages they
experience in areas with higher shares of foreigners, i.e., they are willing to accept
lower real wages to avoid foreigners. Subgroup 4 is willing to pay to avoid foreigners
to increase utility. The magnitudes of the effects are about 2 to 3 percent of each
subgroup’s yearly income. This is rather high in absolute terms. If we take into
consideration that interest payments on mortgages are deductible from income
taxes, the implicit prices are likely to be overestimated and to be about 1 to 2
percent of each subgroup’s yearly income.18
Overall, it seems that we only find statistically significant joint effects for all
subgroups for the impact of foreign share, and that for 80 percent of the individuals
in our sample this effect is caused by a positive productivity effect. For about 9
percent of the individuals, the effect points to a positive utility effect of foreign
share and restaurant diversity. Foreign share is a disutility for about 12 percent of
the individuals in the data.
By ex-post summarizing the characteristics of individuals in each subgroup
(assuming that an individual is allocated to the subgroup to which she has the
highest probability of belonging), we further explore how those subgroups differ
in terms of income and education, but also whether the differences between the
subgroups have a spatial impact. First, Table 3.7 shows that the most distinctive
features between the subgroups are income and geographical concentration. Subgroup 2 is the group with the highest incomes, which is in line with the finding that
this subgroup has higher constant terms in both regressions. Subgroup 1 is the
group with relatively lower incomes and education levels,19 which might explain
why this subgroup does not derive a positive productivity effect from a denser
and internationally oriented work location. Subgroups 3 and 4 are very alike in
terms of income and education levels. However, the geographical concentration of
subgroup 4 appears to be different from subgroup 3: about 29% of the individuals
in subgroup 4 live in one of the four largest cities in the Netherlands.
If the individuals in the different subgroups in our data are randomly allocated
over cities, the estimated differences are very modest because there is one large
subgroup that will dominate the local association between ethnic diversity and
economic outcomes. However, if the allocation is not random, differences in effects
can be amplified by sorting and the subsequent concentration of specific subgroups
in specific cities. Mapping the over- and under-concentration of the subgroups
18

This is the result if we assume that 40 percent of the costs for housing is exempt.
We want to stress again that our sample does not include individuals in the commercial or
social rent category, but only homeowners. The subgroup with the lower average education level
and lowest average income are thus at the lower end of the distribution of these variables for
homeowners. From the descriptive statistics, it can be seen that subgroup 1 is still fairly highly
educated and has a high income when compared to the whole of the Netherlands. Our sample of
only homeowners leads to this bias.

19
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Table 3.7: Socioeconomic and demographic group characteristics
1
Mean wage e/year
Mean housing price e/m2
Mean age
% Immigrants (2nd generation)
% University degree

Subgroup
2

3

4

28,173
1,351
32
15
19

87,219
2.951
36
13
42

36,856
2,047
32
13
28

36,789
2,044
32
16
25

29
29
40

20
42
36

27
27
45

28
26
44

% Working and living
in same municipality

33

24

30

33

% Working and living
in same NUTS3 region

52

45

52

55

Average commuting distance incl.
same municipality (km)

35

29

26

23

Average commuting distance excl.
same municipality (km)

52

38

37

34

% Working in 4 largest cities:
Amsterdam
Rotterdam
Utrecht
The Hague

24
9
5
3
8

29
14
4
7
4

25
10
5
6
4

32
10
7
5
11

% Living in 4 largest cities:
Amsterdam
Rotterdam
Utrecht
The Hague

17
2
3
3
10

15
6
3
4
3

16
5
3
6
2

29
4
6
4
15

Household type
% Single person
% Couple with children
% Couple without children

Data source: Statistics Netherlands, NVM.
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Table 3.8: Moran’s I of the location quotientsa

Subgroup 1
Subgroup 2
Subgroup 3
Subgroup 4

Labor Market

Housing Market

0.18
0.16
0.08
0.17

0.16
0.12
0.04
0.08

Data source: Statistics Netherlands, NVM.
Moran’s I is calculated for the log-linearized location quotients, using the inverse of the Euclidean
distance between the centroids of NUTS3 regions. The H0 hypothesis of spatial randomness
of the location of individuals within a subgroup is tested against the H1 hypothesis of spatial
autocorrelation. All values are statistically significant at the 0.01 significance level.

a

in labor market areas (NUTS3 levels) by calculating a Location Quotient (LQ) for
each subgroup and the corresponding Moran’s I , shows that the spatial allocation
of individuals of different subgroups is not random.
In Figure 3.2, over-representation or clustering of a group is given in red, while
under-representation is given in blue. For mapping purposes, we log-linearize the
LQ. The presence and diversity of immigrants are under-represented in the periphery of the country (in the northern and southern parts), which has a relatively lower
population density. In the middle part of the country, the presence of immigrants
is average compared to the Netherlands as a whole, while most immigrants are
clustered in the Randstad, the part of the country that contains the largest cities in
the western region. The southern corridor of the Randstad area consists of Rotterdam and The Hague, and the northern corridor consists of Amsterdam and Utrecht.
Furthermore, a distinction is often made between different areas in the middle of
the country in terms of productivity (number of jobs and sector clusters) (see, for
example, Boersma and van Dijk, 2005), abundance of amenities (consumer and
natural amenities), and thus in general the attractiveness of the different cities in
this area, especially for individuals with a preference for ‘urban’ surroundings and
a dense job market (Venhorst et al., 2011).
As expected because of the size of the group, subgroup 3 is a group with little
variation and therefore is evenly distributed across the country, with somewhat of
an under-representation further away from the economic and population centers
of the country. This conclusion is supported by the measure of spatial autocorrelation given in Table 3.8. Moran’s I for this group is close to zero.20 Subgroups 1, 2,
and 4 show a stronger spatial pattern with moderate, albeit statistically significant,
clustering. Subgroup 1 is clustered further away from the economic core of the
Netherlands in areas that are considered less abundant in amenities, especially
man-made amenities, and that have a lower concentration of immigrants. Subgroup 2 is clustered in the economic centers of the Netherlands in terms of work
20

The expected value of Moran’s I for all groups is –0.026 under the null hypothesis of no spatial
correlation, i.e., spatial randomness.
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Figure 3.2: Spatial clustering of subgroups at the NUTS3 region
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location and is residentially clustered in the amenity-rich areas, both in terms of
consumer amenities as well as natural amenities. This subgroup lives and works in
areas with higher concentrations of immigrants. This is especially true of the northern corridor of the Randstad. Subgroup 4 also lives and works in areas with higher
concentrations of immigrants, but this group is more concentrated in the southern
corridor of the Randstad and outside of Amsterdam and Utrecht in the north. In
this regard, subgroup 4 seems to be the opposite of subgroup 2, a difference that is
likely to be driven by the result that subgroup 4, as opposed to subgroup 2, derives
a negative utility from living in cities with a higher foreign share and diversity.

3.6 Conclusions
In this chapter, we have explored the differences between individuals in terms of
the utility and individual productivity derived from the presence of immigrants,
the composition of immigrant groups, and immigrant-induced amenities. The
empirical description is based on a finite mixture analysis in which individuals are
endogenously assigned to groups based on these differences. We identified one
large subgroup and three small subgroups of homogeneous, within-group, individuals. For most individuals in our data set, in particular for the largest subgroup
and one of the small subgroups, foreign share and ethnic diversity have a positive
productivity effect. So, working in ethnically diverse cities increases the wages of
most workers, which as a result may lead to higher housing prices. For two small
subgroups, restaurant diversity has a positive amenity affect, but the effect is only
statistically significant for one of these subgroups. Thus, these workers value living
in areas with a large diversity in cuisine. The sizes of these effects differ between the
subgroups, but in terms of implicit prices the differences do not exceed a moderate
three percent of yearly income.
The subgroups we identified differ significantly in their composition, most pronouncedly in terms of income levels, education, and spatial concentration. These
seem to be the individual differences that matter most in revealing preferences for
immigrant composition and immigrant-induced amenities. Based on geographical
clustering and a measure of spatial autocorrelation, we found strong evidence that
these different groups sort themselves into specific and distinct locations in the
Netherlands.
Both the association between ethnic diversity and productivity and utility and
the heterogeneity of these effects between the different subgroups are moderate in
an absolute sense. The reason for the moderate differences between subgroups is
likely that we have not included individuals in the (social) rent sector, and therefore have not included individuals at the lower end of the income and education
distribution. The descriptions of individual characteristics show that income and
location are the most distinct features between the subgroups, and excluding the
rental sector disproportionally affects the distribution of these variables in our

3.6. Conclusions

71

data set. Additionally, groups with a higher income (and thus individuals with
different education levels) are generally considered to have a higher mobility and
are more likely to move into larger cities. This further restricts the generalization
of our results and a clear identification of heterogeneous subgroups for the whole
of the Netherlands. Given this limitation in the data, our description of different
subgroups can bear no real policy implications because an important part of the
population in most (urban) areas is not accounted for.
However, our approach shows that generic policies based on general or average
outcomes can in practice lead to different results depending on the characteristics
of the local population and the labor market. Moreover, our results indicate that
differences in the valuation of ethnic diversity have a clear spatial component:
different groups have a tendency to be geographically clustered in different areas,
especially the individuals in the smaller groups. This clustering could not only
potentially exacerbate the moderate differences that we have found between the
different subgroups, but might result in heterogeneous policy effects at a regional
level.
In this chapter we forego the fact that individuals are not randomly distributed
within cities and that not all individuals within the same city are exposed to the
same level of ethnic diversity. Given the fact that individuals are rather heterogeneous and have dissimilar preferences, this is a strong assumption for the housing
market. The amenity landscape of ethnic diversity can be very different in different
parts of the same city. Within-city allocation and the effects of ethnic diversity on
utility then become an important research question. This topic is addressed in the
next chapter.

Appendix 3.1
Table A.3.1 in this appendix provides an extensive description of the source and
definition of the data used in the analysis in this chapter.

City where the home 1999–2008 CBS-GBA
owner has bought a
house (housing
market area).

City where the home 1999–2008 CBS-SSB-Banen, SSB-zelfst, ABR
owner works in the
year of purchasing
the house (labor
market area).

Construction period 1999–2008 NVM
of the house.

Cultural diversity
index among
foreigners per city.

Highest obtained
1999–2008 CBS-OPLNIV
education level of the
individual.

City of residence

City of work

Construction period

Diversity excl. Dutch

Education level

1999–2008 CBS-GBA

1999–2008 CBS-GBA

Age of the home
owner.

Age

The education levels are aggregated into 4 levels:
primary education, secondary vocational education,
bachelor, master.

According to equation (3.3). The index is constructed
for all non-Dutch residents in a city, based on the
country of birth of the parents.

Construction period is categorized as follows:
1500–1905, 1906–1930, 1921–1944, 1945–1959,
1960–1970, 1971–1980, 1981–1990, 1991–2000, ≥2001.
Houses with an unknown construction period or
constructed before 1500 are not included in the
analysis.

For each home owner, the city of work is determined
either by survey data, or by looking at the location of
a firm and the location of the subsidiaries of the firm.
If the firm has no subsidiaries, the location of the
head quarters (HQ) of the firm is the city of work. If
the firm has multiple subsidiaries, the worker is
assigned to the subsidiary that is closest to the
residential city of the worker based on Euclidean
distance.

House buyers are identified by selecting the
individuals registered at the address of a sold house
within approximately nine months (275 days) and at
least staying there 90 days. Households with one or
two adults are selected. If we have a household with
two adults, who both have an income from
(self )-employed work, we assume that both wages
are used for financing the house. This is a very
realistic assumption in The Netherlands. It is thus
possible that one transaction in the data set has two
home owners. We consider both owners individuals
who bought a house and estimate the rent and wage
equation for both owners individually.

Of the owners, 54 percent is male and 46 percent is
female. The average age is 35 years.

Description

Table A.3.1: Variable description and source.
Period and source

Definition

Variable
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Household types are aggregated into 4 types: single
household, couple without children, couple with
children, single parent.
The number of jobs in a city plus the number of jobs
in each city that is within 45 minutes of travel time.
The average travel speed for commuting is 45 km/h
(or 0.75 km/min) (by car). As we have only Euclidean
distance from city center to city center, we multiply
the distance by 1.3 to approach real distances (Olde
Kalter et al., 2010). Number of jobs in 2007 and 2008
is induced based on average growth rates of jobs
between 1996 and 2006.

Historic center.

Housing price per
square meter.

Type of dwelling.

Type of household of 1999–2008 CBS-GBA
the individual.

The number of jobs 1996–2006 ABF real estate monitor
reachable within 45
minutes of
commuting time
from a city.

Historic center

Housing price

House type

Household type

Jobs

1999–2008 NVM

1999–2008 NVM

NVM

Presence of a garden. 1999–2008 NVM

Garden

Houses are categorized according to 19 house and
apartment types: simple house, houseboat, trailer
home, recreational home, single family house, canal
house, mansion, farm house, bungalow, manor
house, estate, villa, ground floor apartment,
apartment, maisonette, portico flat, corridor flat,
nursing home, ground and upper floor apartment.

Prices are constant 2008 prices. Transactions are
selected between e30,000 and e15,000,000 and with
a minimum floor area of 30 m2 . All houses sold for
more than twice or less than one-third of the initial
offer price are excluded.

Dummy variable is 1 if, between 1995 and 2009, more
than 15 percent of the houses sold in a city were built
between 1500 and 1905 or more than 23 percent of
the houses sold in a city were built between 1905 and
1930.

Dummy variable equals 1 if the dwelling has a
garden.

Based on the country of birth of the parents.

The ratio of
1999–2008 CBS-GBA
foreigners to Dutch
population in a city.

Description

Foreign Share

Period and source

Definition

Variable

Table A.3.1: continued.
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State of inside
maintenance.

Number of museums 1996–2007 ABF real estate monitor
in a city per 10,000
inhabitants.

Number of
1972–2007 ABF
inhabitants of a city.

Number of
restaurants per
10,000 inhabitants.

1996–2007 ABF real
estate monitor.

Number of rooms in 1999–2008 NVM
the house.

Number of theaters
in a city per 10,000
inhabitants.

Maintenance inside

Museums

Population

Restaurants

Restaurant diversity.

Rooms

Theaters

1996–2007 ABF real estate monitor

Variable contains a diversity index according to
equation (3.3) based on the nationality of the kitchen
of the restaurants. In total, 20 categories of kitchen
nationality are distinguished of which one is
considered Dutch. Restaurant diversity in 2008 is
induced based on the average diversity change
between 1996 and 2007.

1996–2007 ABF real estate monitor

1999–2008 NVM

1999–2008 NVM

State of outside
maintenance.

Maintenance outside

Table A.3.1: continued.
Period and source

Definition

Variable

Number of theaters in 2008 is induced based on
average growth rates of theaters between 1996 and
2007.

Number of restaurants in 2008 is induced based on
average growth of restaurants between 1996 and 2007

Population in 2008 is induced using average growth
rates of population between 1999 and 2007.

Number of museums in 2008 is induced based on
average growth rates of museums between 1996 and
2007.

Dummy variable equals 1 if state of inside
maintenance is good.

Dummy variable equals 1 if state of outside
maintenance is good.

Description
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Number of shops in a 1996–2007 ABF real estate monitor
city (× 10).

Industry of
employment of the
home owner.

Shops

Sector

Share of highly educated The share of high
1999–2008 CBS-OPLNIV
educated in the city.

1999–2008 CBS-SSB-Banen, SSB-zelfst

1999–2008 CBS-SSB-Banen, SSB-zelfst

Yearly wage of the
home owner.

Wage

Period and source

Definition

Variable

Table A.3.1: continued.

People holding at least a bachelor degree are highly
educated.

According to SBI-coding. The sectors are aggregated
into 5 sectors: agriculture and mining, industry and
utilities, construction and distribution, financial
services, other services. If a homeowner has multiple
jobs in different sectors, the sector from which the
most wage is generated is taken.

Number of shops in 2008 is induced based on
average growth rates of shops between 1996 and
2007.

Prices are constant 2008 prices. For employed
individuals, the fiscal wage is taken, divided by the
number of days worked, times 261. If individuals
have had multiple jobs in one year, the arithmetic
mean is taken. Wages from jobs held less than 30
days are removed from the data set. Individuals with
a yearly wage of between e16,500 (the minimum
wage) and e15,000,000 are used in the analysis. For
self-employed, the gross profit is taken from the tax
income statements. Only individuals that were
self-employed throughout our sample period
(1999–2008) and that earned a stable profit are
selected. Self-employed with a profit less than
e16,500 are removed from the data set. The profit is
cut off at e10,000,000. The wage is corrected for
yearly commuting-time costs. We construct travel
time costs for workers that commute between
municipalities. According to research on Dutch
mobility (Olde Kalter et al., 2010), the average travel
speed for commuting is 45 km/h (or 0.75 km/min)
(by car) and the average value of time is e8 per hour
(or e0.133 per minute). Since we have only
Euclidean distance, we multiply the distance by 1.3
to approach real distances. Considering 261 days of
work per year and commuting to and from work, we
construct the yearly travel time costs.

Description
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CHAPTER

Living Apart Together
The Economic Value of Ethnic Diversity in Cities1

4.1 Introduction
Why are cosmopolitan cities like New York, London, and Amsterdam attractive
residential locations? According to the seminal work of Glaeser et al. (2001) on
consumer cities, attractive residential cities are rich in amenities. These amenities
include good public services and favorable natural amenities, but also an abundant
supply of non-tradable services and consumer goods such as restaurants and
theaters.
Large cities do not only offer more products, but also more variety (Berry and
Waldfogel, 2010). Schiff (2015) shows that city size and the concentration of heterogeneous consumers in cities influence product variety. In cities with many
immigrants, which are a prominent feature of most large cities, the type of products available also reflect immigrants’ tastes, for example, for products from the
country of origin. Waldfogel (2008) shows that preferences for restaurants differ
by ethnicity. Mazzolari and Neumark (2012) find that immigrants increase the
(ethnic) heterogeneity of available restaurants, partly because immigrants have a
comparative advantage in producing these goods. If consumers in cities exhibit
a love for product variety, immigrant-induced amenities should have a positive
effect on the consumer value of cities (see, for example, Ottaviano and Peri, 2006
and Chapter 2 of this dissertation).
However, research on residential segregation along ethnic lines indicates that
the presence of immigrants in cities does not lead to a straightforward positive

1

This chapter is based on joint work with Raymond J.G.M. Florax (Purdue University and Vrije
Universiteit Amsterdam), Peter Mulder (Vrije Universiteit Amsterdam), and Henri L.F. de Groot
(Vrije Universiteit Amsterdam) and uses data kindly provided by Onderzoek, Informatie, Statistiek
(OIS) from the municipality of Amsterdam.

4
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impact on local residential utility.2 In fact, ethnic segregation patterns observed
in cities often can only be partly explained by socioeconomic and demographic
differences between ethnicities (see, for example, Hårsman and Quigley, 1995;
Bayer et al., 2004). This suggests that local preferences for the ethnic composition
of neighborhoods play a role in explaining the sorting of the native population
across city neighborhoods. Ioannides and Zabel (2008) show that individuals prefer
to live in neighborhoods with people who have similar (ethnic) characteristics,
which could partly account for the persistence of observed ethnic segregation
patterns in many cities (see, for example, Card et al., 2008; De La Roca et al., 2014).
The consumer preferences above described, suggest a trade-off in which people
may want to live apart yet consume together. Research presented in Chapters 2
and 3 of this dissertation suggests the existence of a preference to live in areas
with relatively low concentrations of immigrants, while at the same time areas are
found to be more attractive if there is easy access to immigrant-induced amenities,
such as ethnic restaurants. In this chapter we further investigate this phenomenon,
focusing on the potential trade-off between the supply of immigrant-induced
consumption goods and the population composition at the neighborhood level.
Because especially at higher levels of immigrant and restaurant density the diversity
of immigrants and restaurants might play a role as well, we include the diversity
of consumption goods and immigrants in this trade-off. If we hypothesize that
consumers in a typical consumer city exhibit a ‘love of variety’ for consumption
goods (following Dixit and Stiglitz, 1975; Ottaviano and Peri, 2006), areas with many
immigrant-induced amenities are even more attractive if the amenities offered are
heterogeneous in nature. A comparable effect may occur for immigrant diversity.
Areas that have a diverse immigrant population might be more attractive than areas
with a cluster of homogeneous immigrants.
The trade-off described above is likely to be nonlinear in nature. One can imagine that the marginal effect of an increase in immigrant density on neighborhood
attractiveness depends on the existing level of immigrant density. The same holds
for the density of amenities; an additional restaurant in a neighborhood with many
restaurants may have a different effect on the neighborhood’s attractiveness than a
new restaurant in a neighborhood with only a limited number of restaurants. In
addition to these effects potentially being nonlinear, the spatial scale at which these
effects materialize may matter. We hypothesize that the effect of a neighborhood’s
population composition on residential utility matters most in the direct local environment of a house, while consumer amenities can more easily be enjoyed outside
of the direct environment of the house (one can travel to go out for dinner). To our
knowledge, we are the first to investigate the potential trade-off between the ‘love
of variety’ for ethnic goods and the residential population composition.
In this chapter, we develop a theoretical model that explains intra-city house
price differentials based on access to heterogeneous ethnic products and pop2

The effects of population diversity at the level of cities may be positive, but very little research
focuses on the effects of diversity at the neighborhood level. In Chapters 2 and 3 of this dissertation,
we show that neighborhood diversity affects utility differently than city-wide diversity.
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ulation composition. Based on the model developed in Accetturo et al. (2014),
natives sort across neighborhoods depending on the utility derived from living in
a neighborhood with immigrants. We incorporate the factor of a ‘love of variety’
for immigrant-induced consumer goods (Dixit and Stiglitz, 1975), which has been
investigated by Ottaviano and Peri (2005) at the inter-city level. In our model, the
utility derived from consuming non-tradeable heterogeneous goods consists of a
consumption effect and a public good effect. The latter captures the appreciation
of the availability of a range of heterogeneous ethnic goods in the neighborhood,
irrespective of the actual consumption of these goods by individual agents, for
example, because availability of these goods contributes to a certain cosmopolitan
flavor or lifestyle.
In the empirical analysis we measure the attractiveness of residential locations
in Amsterdam by house prices. We use local immigrant density and diversity to
test the general idea that the presence of immigrants has a negative effect on house
prices, which might also depend on the composition of the immigrants in terms
of their diversity. We use the density of ethnic restaurants to test the general idea
that cities are attractive because of the number and variety of amenities available.
The case of Amsterdam fits the goal of our analysis well, in that Amsterdam is a
consumer city in addition to a productive city. De Groot et al. (2010) and Vermeulen
et al. (2016) show that land prices in Amsterdam are (much) higher than in the rest
of the Netherlands, partly because of all the amenties that make it an attractive
residential area. Amsterdam also represents an ethnically diverse consumer city
with sufficient spatial variation across residential areas in terms of the density of
immigrants as well as immigrant-induced amenities.
Our focus on restaurants as a measure of consumer amenities serves two purposes. First, restaurants sell goods that need to be consumed locally. The kind of
products supplied therefore reflect the taste of the local consumer (George and
Waldfogel, 2006; Waldfogel, 2008; Mazzolari and Neumark, 2012). House prices
in this local market, then, reflect the utility derived from these consumer goods.
Second, restaurants can easily be differentiated by ethnicity. Very few products
or services so clearly reflect ethnicity or country of origin as sushi restaurants
or trattorias selling home-made pasta.3 The ethnic feature of the cuisine of the
restaurant is a measure of horizontal product differentiation that focuses on differences in consumer tastes.4 To our knowledge, we are the first to explicitly measure
immigrant-induced consumer amenities and link these to the attractiveness of
residential areas.
Obviously, when choosing a residential location immigrants do not distribute
randomly across neighborhoods, and the effect of immigrant and restaurant density on housing prices might very well be endogenous. The preferable way to test
3

Ethnic shops also arise in areas with many immigrants, but products sold in shops do not need to
be consumed locally, and shops are much more difficult than restaurants to differentiate following
an ethnic criterion.
4
We are not able to distinguish between horizontal and vertical product differentiation. In the
latter, the quality of restaurants based on, for example, price, is used (Berry and Waldfogel, 2010).
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the causality of the relationship between house prices and the composition of the
population and products is in an experimental setting where the local surrounding
of a house is randomly treated by a level of immigrant and restaurant density and
diversity. Because there is no such random setting, we turn to a quasi-experimental
estimation method by implementing the generalized propensity score (GPS) matching technique for continuous treatment variables following Hirano and Imbens
(2004).5 Density and diversity are continuous treatment variables that affect house
prices depending on the treatment’s intensity. Both Hirano and Imbens (2004) and
Egger and Von Ehrlich (2013) show that the procedure of using GPS with multiple
continuous endogenous treatments results in an unbiased estimate of the effect of
the treatment variables (density and diversity of population and restaurants) on
the outcome variable (house prices).
We find evidence for our hypothesis that city dwellers prefer to live apart and
consume together and find that this tendency leads to trade-offs that are capitalized
in house prices. Our results confirm that immigrant-induced (heterogeneous)
consumer products are positive externalities and can ameliorate the negative effect
of the presence of immigrants on house prices. In addition, we find that house
prices are higher in less diverse neighborhoods, all other things being equal. Finally,
we find that restaurant diversity adds to the attractiveness of restaurant-dense
areas.
In the next section, we describe a theoretical model that captures the tradeoff between a neighborhood’s population composition and access to diversified
consumer goods. In Section 4.3 we describe the estimation and inference of the
multiple continuous treatments. We then describe the data in Section 4.4 and the
spatial distribution of the treatment effects and house prices in Section 4.5. Section
4.6 presents the estimation results, and Section 4.7 concludes.

4.2 Theoretical Model
We develop a spatial equilibrium model of an intra-city housing market where
house price differentials across neighborhoods indicate spatial variation in population density and composition and access to non-tradable heterogeneous consumption goods, such as restaurants. The role of population and amenity density
is modeled through supply restrictions on the housing market. We make use of
the model put forward in Accetturo et al. (2014) to describe the effect of the ethnic
population diversity on intra-city housing demand. In addition, we explicitly model
the demand for diversified goods under the assumption of a ‘love for variety’, as
introduced by Dixit and Stiglitz (1975).
There are two types of individuals in the city, natives and immigrants, who
demand two products, housing H and consumption goods C . The utility of the
5

Examples of the empirical implementation of GPS matching for continuous treatment variables
can be found in Fryges and Wagner (2008), Becker et al. (2012), and Mitze (2014).
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representative consumer living in neighborhood d is modeled as a Cobb-Douglas
function:
Ud = C dα (A d (m) Hd )1−α .
(4.1)
The utility derived from housing depends on an externality A, which is a function
of the local immigrant population m. Local population externalities impact the
demand for housing in a way that can be compared to the overall quality of living in
a neighborhood. We make no a priori assumptions about whether A 0 (m) is positive
or negative.
We assume that the consumption goods C are non-tradable heterogeneous
goods, such as restaurants. Each individual in the city supplies one unit of labor
to the production of C . The goods are differentiated by ethnic characteristics i ,
and the variety that is produced by an individual depends on her ethnicity. The
goods supplied thus depend on the demand and population composition in each
neighborhood d . A neighborhood has a total of n d neighborhood-specific varieties.
Because the city size is fixed in our model through a fixed housing supply (see
below), immigrants are concentrated in neighborhood 2 by assumption. The
number of varieties in each neighborhood depends on the population composition,
but the total number of varieties in the city is exogenously given. Following Dixit
and Stiglitz (1975), we define a sub-utility of C in each neighborhood that follows a
Constant Elasticity of Substitution (CES) function to capture the variety structure
described above:
"
#1
ρ
nd
X
ρ
δI
n d m , with 0 < ρ < 1.
Cd =
xi
(4.2)
i =1

In this specification, the utility derived from consuming non-tradable heterogeneous goods consists of a ‘love of variety’-effect, ρ, and a public good effect, δ. The
right-hand side of equation (4.2) shows that if the varieties are imperfect substitutes, there is a positive return to diversity if 1/ρ + δ > 1. The second term on the
right-hand side of equation (4.2) is the appreciation by individuals of the availability
of a range of heterogeneous ethnic goods in the neighborhood independent of the
actual consumption by individual agents, for example, because the availability of
these goods contributes to a certain cosmopolitan flavor. Because of the difference
in population composition between the neighborhoods, the varieties in each neighborhood differ. If δ is larger than zero, diversity is considered a public good, while
diversity is considered a public bad if δ is smaller than zero.
Total individual income Y is independent of location d and consists of wages.
There is homogeneity in production structures across the different goods resulting
in p i = p for each i . The budget constraint faced by a representative individual is
as follows:
Y = q d C d + r d Hd ,
(4.3)
where q d is the price index of consumption goods in neighborhood d , and r d is
the price of housing in neighborhood d . Standard utility maximization leads to the
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following demand functions for a representative individual living in neighborhood
d:
Hd

= (1 − α)

Cd

= α

Y
,
rd

and

(4.4)

Y
.
qd

(4.5)

P
Using two-stage budgeting, we minimize p i x i subject to equation (4.2), and
the corresponding price index q d is as follows:6

"
qd

=

nd
X
i =1

"
=

nd
X
i =1
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1−²

p i1−²
−1
β
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#−β
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δI m
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,

,

(4.6)

in which ² = 1/(1 − ρ). Using equation (4.6), consumption of variety x i is then given
by:
δI m
β

x i = αY p i−² q d²−1 n d

.

(4.7)

Equation (4.7) shows that because the public good-aspect of diversified consumption goods differs across neighborhoods d , the price index across neighborhoods
differs.
Following Accetturo et al. (2014) we define the total number of natives in the
city as N , and the share of natives in neighborhood 1 as λ. The aggregate demand
for housing in each neighborhood is given by:
(1 − α) Y
,
r1

H1D

= λN

H2D

= [(1 − λ) N + σm]

and
(1 − α) Y
,
r2

(4.8)
(4.9)

with (1 − λ) the share of natives in neighborhood 2, and immigrant income σY ,
with 0 < σ < 1 . The housing supply in each district is given by:
γ

HdS = ψd r d .

(4.10)

We assume that the housing supply is fixed, γ = 0, so that an increase (decrease) of
natives in a neighborhood leads to a higher (lower) population density.7

6

P
In other words, we maximize equation (4.2), given the budget constraint p i x i = αY .
In Appendix 4.1 we derive the model for a non-fixed housing supply. The results of the model do
not crucially depend on this assumption.
7
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Equilibrium prices are determined by the demand in each neighborhood as
given in equations (4.8) and (4.9), and the housing supply is given in equation
(4.10):
r 1∗ = λN

(1 − α) Y
,
ψ1

and

r 2∗ = [(1 − λ) N + σm]

(4.11)

(1 − α) Y
.
ψ2

(4.12)

In equilibrium, the utility levels of natives should be equal across the two neighborhoods. Because income is independent of location (see above), utility across
neighborhoods only differs in terms of house prices, population externalities A,
δI
and the access to diversified goods n d m . Assuming that A is some type of function
of m and that the population in neighborhood 1 only consists of natives, the quality
of living in neighborhood 1 is A 1 (m) = A, whereas it equals A (m) in neighborhood
2. We make no a priori assumptions about whether A is valued higher than A (m).
We further set the indicator value I m to be related to the valuation of the public
good effect of diversified products equal to 1 in neighborhood 2, and equal to zero
in neighborhood 1, and we assume symmetry between the neighborhoods in terms
of consumption. Solving U1 = U2 then leads to the following:

1−α
1−α

³
´
α
A (m)
 A 
= n 2δ  (1−λ)N +σm 
.
(4.13)
λN
ψ1

ψ2

Solving equation (4.13) for λ gives the share of natives in neighborhood 1 in equilibrium:
λ =
ω (m) =

N + σm
ω (m) ,
N

with

(4.14)

.

(4.15)

ψ1 A
α

ψ1 A + ψ2 A (m) n 21−α

δ

From equation (4.14), it follows that the share of natives in neighborhood 1
depends on the population composition and access to amenities in both neighborhoods. The share of natives in neighborhood 1 decreases if the valuation of
population externalities in neighborhood 2 exceeds the valuation of amenities in
neighborhood 1, i.e., A < A (m).
Ultimately, we want to describe the simultaneous effect of population externalities and access to amenities on house prices in neighborhoods. To see how this
trade-off between population externalities A (or A (m)) and access to amenities n 2δ
is established, we look at the effect of a change in the number of immigrants m on
house prices.
We first need to calculate the average weighted house prices in the city from
equations (4.10)–(4.12), using the share of natives in neighborhood 1 in equilibrium
from equation (4.14):

84

4. Living Apart Together

r¯∗ =

(N + σm) (1 − α) Y
.
ψ1 + ψ2

(4.16)

The average house price in the city only depends on the housing stock and the
income distribution in the city, not on amenities. With these results, we can derive
the effect of an increase in the number of immigrants on city-level house prices,
house prices in each neighborhood, and the trade-off between population externalities A and access to consumer goods δ. The derivative of the logarithm8 of
equation (4.16) with respect to m is as follows:
∂ ln r¯∗
σ
=
.
∂m
N + σm

(4.17)

An increase in the number of immigrants in the city increases house prices only
through the income effect. The model thus shows that higher population density
leads to higher house prices.
The theoretical predictions of the effect of immigrants at the neighborhood
level can be derived by taking the logarithm of equation (4.11) and (4.12) with
respect to m after substituting λ from equation (4.14):
∂ ln r 1∗
∂m
∂ ln r 2∗
∂m

=
=

σ
ω0 (m)
+
, and
N + σm ω (m)
σ
ω0 (m)
−
.
N + σm 1 − ω (m)

(4.18)
(4.19)

The first derivative of ω (m) is:
ω0 (m) = −

A 0 (m)
α

ψ1 A + ψ2 A (m) n 21−α

δ

.

(4.20)

A final step is to focus on the relative effect of an increase in the number of immigrants in neighborhood 2 on house prices in neighborhood 1 and neighborhood
2, we can make theoretical predictions about the trade-off between population
externalities and the public good effect of product variety. We use equations (4.18),
(4.19), and (4.17) to show that:
¡
¢
¡
¢
∂ ln r 2∗ /r¯∗
∂ ln r 1∗ /r¯∗
<
, iff ω0 (m) > 0.
(4.21)
∂m
∂m
The relative effect of an increase in the number of immigrants on house prices in
neighborhood 2 is smaller than the relative effect on house prices in neighborhood
1 if the first derivative of ω (m) is larger than zero. From equation (4.20), we see that
8

Because the function is a product, solving for the logarithm of the equations simplifies the
calculations.
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this is the case if the marginal effect of an increase in the amenities related to the
presence of the immigrant population, A 0 (m), is negative. Equations (4.20) and
(4.21) also show that if the marginal effect of an increase in amenities related to the
immigrant population is negative, house price differences between neighborhood
1 and 2 will be lower if the public good effect of access to diversified products, δ, is
positive.
Equations (4.20) and (4.21) thus show that the relative difference in house prices
between neighborhoods is fully determined by differences in the valuation of population externalities and product variety because the effect of population density,
based on both the natives and immigrants, on house prices is equally distributed
across neighborhoods. From equations (4.20) and (4.21), it follows that the valuation of population externalities determines whether house prices are higher
in neighborhood 1 or 2, but also that the valuation of access to heterogeneous
products can exacerbate or ameliorate this effect, as we suggest in the trade-off in
this chapter. For now, our empirical analysis focuses on estimating the effect of
the presence of immigrants and the availability of (diversified) immigrant-induced
consumer products, measured by ethnic restaurants, on house prices. The analysis most closely resembles equations (4.18) and (4.19) in that the estimations
are performed for each neighborhood and the immigrant population and product variables can both positively (negatively) contribute to house prices in the
neighborhoods, or they can be a trade-off.

4.3 Identification Strategy
In order to isolate the effects of immigrants and (the availability of) ethnic products
on housing prices, we compare the prices (the outcome) of houses that differ in
terms of the density and diversity of the local immigrant population and restaurants
(the treatment) in the houses’ local environment, but that have similar house
and neighborhood characteristics. The underlying assumption of this matching
procedure is that the conditional probability of assignment to a particular treatment
intensity given the observed covariates X , i.e., the generalized propensity score
(GPS), can be used to remove any biases associated with these covariates and will
result in an unbiased estimate of the causal effect of a treatment variable T on
an outcome variable Y (Rosenbaum and Rubin, 1983). Because our treatment
variables are continuous, the effect of the treatment variables on the outcome
variables are evaluated along the distribution of treatment intensities.9 This gives
us the average treatment effect on the treated (ATET).
Hirano and Imbens (2004) show that the GPS can be used for continuous treatments based on the assumption of weak unconfoundedness. Unconfoundedness
9

In this section, we only discuss the basic differences between a binary treatment and continuous
treatment. For more information, we refer to Rosenbaum and Rubin (1983) and Hirano and Imbens
(2004).
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implies the independence of the treatment variable T and the outcome Y (Rosenbaum and Rubin, 1983), while weak unconfoundedness is satisfied if the treatment
and outcome are independent conditional on the observed covariates, X . The
conditional density of the treatments, g , subject to the treatment intensity T given
the covariates X is defined as follows:
g (t , x) = f T |X (t | x) ,

(4.22)

and the GPS, G, is defined as G = g (T, X ). This means that within strata of the
same value of g (t , x), the probability of receiving a particular treatment intensity
does not depend on the covariates. Controlling for the GPS then removes the bias
associated with the covariates.
The approach of Hirano and Imbens can be modified for multiple continuous treatments following Egger and Von Ehrlich (2013), who show that the biasremoving properties of the single-treatment GPS also holds for multiple endogenous treatments. If we define the number of continuous endogenous treatments
as m = (1, 2, . . . , M ), the joint density of (t 1 , t 2 , . . . , t M ) given X is equal to equation
(4.22), and the GPS is defined as:
G = g (T, X ) , X i ⊥ 1 {Tm = t m , ∀m} | g (t , X ) .

(4.23)

Controlling for the GPS in equation (4.23) gives the probability of the treatment being equal to some potential treatment combination t conditional on the covariates
X.
The dose–response function for multiple treatment effects is estimated in three
stages (following Hirano and Imbens, 2004). In the first step, the conditional
distribution of the treatments given the covariates is modeled. A multivariate
normal distribution of the treatment given the covariates is estimated by maximum
likelihood using equation (4.23), given by:
¡
¡
¢¢
0
Ti | X i ∼ N β0 + β01 X i , cov t m , t m
,

(4.24)

and using equation (4.24) the estimated GPS for the multiple treatment is:
µ
¶
¢0 −1 ¡
¢
1¡
1
Gˆi = p
exp − x i − µ Σ x i − µ ,
(4.25)
2
(2π)M |Σ|
where Σ is the variance-covariance matrix of the treatments from equation (4.24).
In the second stage, the conditional expectation of Yi given the treatments Tm ,
and Ĝ is estimated using ordinary least squares (OLS). We use a third-order polynomial approximation, d , with appropriate pairwise interactions among treatments
to allow for non-linearities in the (interacted) treatment effects which leads to the
following:
(
3
M µ
X
X
d
d d
E [Yi | Tm ,G] = α0 +
α1,md Tm
+ α2,md Tm
G +
d =1
M
−1 ³
X
n≥m

m=1

d d
d d
β1,nd Tm
Tn+1 + β2,nd Tm
Tn+1G d

´¶

)
+ α3 R d ,

(4.26)
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where the interactions contribute to the trade-offs between the different treatments
m. Bootstrap methods can be used to calculate the standard errors and confidence
intervals of the dose-response function.
In the final stage, the average potential outcome at treatment level combination
t is estimated given the estimated parameters from equation (4.26). The ATET is
estimated at different treatment intensities to obtain the dose-response function.
"
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h
i 1 X
N
3
M µ
X
X
d
d d
E Yà
α0 +
α1,md t m
+ α2,md t m
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d =1 m=1
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M
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d
d
β1,nd t m t n+1 + β2,nd t m t n+1G
+ α3G
,

(4.27)

n≥m

where N is the number of observations in the data set.
For our purposes, this identification strategy has a number of advantages. With
propensity score matching, only comparable subjects are compared and the intensity of the treatment is taken into consideration (which would not be the case
in linear OLS estimation). By carefully selecting the covariates, we can avoid the
endogeneity bias, i.e., the causality between immigrant and restaurant density
or diversity and housing prices running both ways. Another important reason
to carefully select the covariates in this estimation is that the performance of the
GPS matching depends on the balancing properties of the covariates and the assumption of the normality of the distribution of the treatments conditional on
the covariates. There is, however, very little research on the basis on which to
select the covariates in propensity score models. Using simulations for the standard binary matching procedure in life sciences, Rubin and Thomas (1996) and
Brookhart et al. (2006) show that all variables that explain the outcome variable
should be included, regardless of whether these variables explain exposure. This
selection strategy reduces the variance of the estimated treatment effect without
increasing the bias. Covariates that only explain the treatment but not the outcome
increase the variance of the estimated treatment effect without decreasing the bias.
Generally speaking, variables that explain the outcome are usually also related to
the exposure variable (Brookhart et al., 2006), which is the case in our analysis.
For the GPS to obtain unbiased estimates of the dose-response function, the
covariates need to be normally distributed. We use the Henze-Zirkler test for
multivariate normality (Henze and Zirkler, 1990) to test for the normality of the
errors in equation (4.24). An adequate balancing score is obtained if the mean value
of the covariates at a particular value in some treatment interval is not significantly
different from the mean value of the covariates outside of that treatment interval.
For a full description of the testing of the balancing properties, we refer to Hirano
and Imbens (2004). Calculating the balancing of the GPS in the case of multiple
treatments is rather cumbersome, and we rely on single-treatment calculations in
which it is assumed that treatments are independent.
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Applying quasi-experimential comparison group designs to infer causal relationships in regional science and geography is promising, but the fact that data are
spatial challenges the applicability and usefulness of quasi-experimental comparisons (Feser, 2013; Mitze, 2014). Especially on a more aggregate level, matching
identical spatial entities proves challenging given the heterogeneity of spatial entities such as regions, cities or neighborhoods. Mitze (2014) shows that finding
spatial ‘statistical twins’ is difficult because treatments are not likely to be spatially independent of the characteristics of regions. As we describe below, our data
overcome some of the more general spatial drawbacks. We use the exact location
and local environment of individual dwellings and we are therefore not impeded
by spatial administrative boundaries or larger spatial patterns that are evident in
neighborhoods or city districts.

4.4 Data and Operationalisation
We construct a unique data set with micro-data on housing prices in Amsterdam for
sales transactions during the period 2006 to 2011. The data set can be divided into
three parts. The first part contains the data on individual house transactions, and
includes georeferenced information that can be used to obtain spatial coordinates.
The housing data are provided by the Dutch Association of Real Estate Agents
(NVM). The second part of the data set contains sociodemographic characteristics
at the so-called postcode-6 level. Amsterdam consists of about 17,000 postcode-6
areas, each comprising approximately 25 residential dwellings on average. The
third part of the data set contains information on restaurants, with georeferenced
information available for each outlet. The postcode-6 level data and the data on
restaurants are provided by the Department of Research, Information, and Statistics
(OIS) of the Municipality of Amsterdam.
From the data set we construct our dependent variable, house price per square
meter in constant 2008 euros.10 Other variables included are the number of rooms,
the presence of a garden, the type of dwelling (house or apartment), and the year
of the transaction. To control for the characteristics of the local neighborhood
of the house, we include the share of owner-occupied dwellings and the share of
social rent dwellings (with commercial rent as the reference category) among the
houses within the direct surroundings of the dwelling in the postcode-6 area.11 This
variable gives an indication of income levels. Data on accessibility to amenities is
included, such as the distance to the central rail station, the distance to the nearest
We reduce the sample to houses priced between e30,0000 and e4,500,000 and a floor area
between 30m2 and 475m2 .
11
Because we do not have data on income, the share of social rent is included. It turns out that
the share of the postcode-6 population on social welfare is highly correlated with the number of
houses with social rent at the postcode-6 level. Because the data on social rent are available for all
observations, this variable is included.

10
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metro station, a dummy for location within the ring road (A10 highway), and the
distance to the ten main tourist attractions in the city.12
Our main variables of interest are the density and diversity of immigrants and
restaurants. The country of birth of one’s parents is used to determine ethnicity
(with the maternal side being the leading determinant). An immigrant is defined as
anybody for whom at least one parent was born outside of the Netherlands.13 To
calculate the diversity among immigrants, a distinction between Western and nonWestern immigrants is made. Immigrants from Europe, North America, Australia,
New Zealand, Japan, and Indonesia14 are Western immigrants. We further categorize the non-Western immigrants into five groups: Turks, Moroccans, Surinamese,
Antillean/Aruban, and other non-Western.
For restaurant density and diversity, we use the country of origin of the type of
cuisine served by the restaurants. For each restaurant, the name and location are
available in the data set. With this information, each restaurant was checked to
determine the ethnicity of the cuisine based on: (i) the name of the establishment,
(ii) the characteristics found in Chamber of Commerce data on the Internet, or
(iii) the establishment’s appearance on Google Streetview. Paradoxically, although
a very typical Dutch cuisine exists, it is seldom found in restaurants by itself but
is rather blended with Belgian, French, and Italian dishes. Additionally, many
Belgian, French, or Italian restaurants are Dutch-owned. Therefore, it is difficult to
distinguish between Dutch, Belgian, French, and Italian cuisine, and all of these
are considered Dutch or native. The different ethnic groups of restaurants used in
the analysis are European, Middle-Eastern/Arabic, African, Asian, and American.
We introduce the following notation to formally define the spatial dimension of
the measures used in the empirical analysis. The location of individual homeowner
i , who buys a property located at location j , is defined in terms of coordinate pairs
( j x , j y ).15 We identify four key aspects of the local environment j + for individual i ,
where the local environment j + is defined as a circular area with a radius of 250
meter for the population around location ( j x , j y ) and a radius of 1km for restaurants
around location ( j x , j y ). We thus assume that the spatial scale at which immigrant
density impacts consumer utility differs from the spatial scale at which restaurant
density impacts utility. The larger the local environment used in the calculation
of equations (4.28) and (4.29), the smaller the variation in the observed density
and the more closely each observation reflects the overall density of Amsterdam.
12

The ten main tourist attractions are based on visitor numbers. We use total distance from the
dwelling to the ten attractions. The ten tourist attractions used are the Rijksmuseum, Van Gogh
Museum, Anne Frank Huis, Artis Zoo, Stedelijk Museum, Madame Tussauds, Heineken Experience,
Nemo Science Center, Hermitage, and Venustempel Museum.
13
This is the common definition in the Netherlands.
14
Indonesia is a former Dutch colony, and many Indonesians have the Dutch nationality. For both
Indonesians and Japanese, the cultural distance with the Dutch is considered to be smaller than for
other non-Western groups.
15
We explicitly distinguish i and j because different individuals (or properties) i may share the same
location j in our two-dimensional representation of space, for instance, in the case of apartment
buildings.
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Although 250 and 1000 meter are arbitrarily chosen, a larger radius decreases the
standard deviation of the distribution for each variable. To maintain identification
based on variation in the data, we therefore choose 250 and 1000 meter as the
spatial scales.
The first two aspects of the local environment are immigrant and restaurant
density. Density is measured as the total immigrant population or number of
restaurants in the local environment j + of individual i relative to the density in
Amsterdam as a whole. For immigrant density we calculate:
sp i j =

p j p+

,
(4.28)
P
with p the immigrant density around the location of individual i , and P the immigrant population of Amsterdam per square kilometer.16 For ethnic restaurants we
calculate:
sa i j =

a j a+

,
(4.29)
A
with a the restaurant density per inhabitant around the location of individual i ,
and A the restaurant density in Amsterdam per inhabitant.
In addition to the density of immigrants and restaurants we look at their diversity, labeled d . Diversity is defined similarly using the Hirschman-Herfindahl index.
We first measure the presence of immigrants or restaurants representing culture
c = (1, 2, . . . ,C ) in the local environment j + of individual i , which is measured as the
number of immigrants (or restaurants) representing culture c as a fraction of the
total immigrant population or the number of restaurants in the local environment:

p ic j

=

p cj +
p
P c ,
p j+
c

a ic j

=

and

a cj +
a
P c .
aj+
c

(4.30)

p

(4.31)

a

Because population measures are only available at the aggregate postcode-6 level
(while restaurants are available at the exact location), we use the centroids of
postcode-6 areas, properly weighted to account for the locations of houses within
those areas, to determine the postcode-6 areas that fall within the circle that defines
the local environment j + of individual i .
The diversity index measures the diversity of the immigrant population and
restaurants in the local environment j + of individual i located at j :

16

We rescale the outcome to obtain the density of immigrants per square kilometer.
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Table 4.1: Descriptive statistics

Price per square meter
Density immigrants
Density restaurants
Diversity immigrants
Diversity restaurants
Share social rent pc6
Share owner occupied pc6
Population density km2
Distance CS (meter)
Distance top10 (meter)
Distance metro (meter)

mean

st. dev.

min.

max.

3,435
4.05
1.28
0.85
0.91
0.24
0.43
10,930
3,617
32,500
1,660

1,000
2.16
1.47
0.15
0.16
0.32
0.29
4,346
2,01
18,167
925

770
0.05
0.08
0.14
0.18
0
0
322
250
11,000
21

12,190
13.05
9.11
1.02
1.20
1
1
20,510
1,162
108,000
4,889

Data source: OIS and NVM.

C
P

d pi j

= 1−

c=1

1 − 1/C
C
P

d ai j

= 1−

(p ic j )2 − 1/C

c=1

,

and

(4.32)

(a ic j )2 − 1/C
1 − 1/C

.

(4.33)

The diversity measure is a function of the immigrant and restaurant shares defined
in equations (4.30) and (4.31), respectively, and is defined over the closed interval
[0,1], where a higher value indicates a greater diversity in the immigrant population
or restaurant diversity in terms of culture.
Analogously to the density measure, we use the relative diversity index, i.e., the
diversity relative to the overall diversity of the immigrant population and restaurant
diversity in Amsterdam. Because of this scaling, the distribution of the measures is
not normally distributed around 1, which would have been the case if we had used
the measures relative to the density or diversity in the sample.
With these different measures, the data set contains information about the
salient characteristics of the local environment around each house, both in terms
of the immigrant composition and in terms of access to ethnically diverse food
outlets. A summary of descriptives can be found in Tables 4.1 and 4.2. The spatial
distribution of the treatments, specifically the treatment intensities, and the joint
spatial occurrence of multiple treatment intensities are discussed below.
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Table 4.2: Dummy variables
Category

Observations

Inside ring

yes
no

32, 621
7, 519

Garden

yes
no

2, 852
37, 288

Year

2006
2007
2008
2009
2010
2011

Number of rooms

3 or less
4
5 or more
Simple house
Boat house
Canal house
Bungalow
Villa
Manor house
Ground floor apartment
Upper floor apartment
Gallery apartment
Maisonette
Portico flat
Service flat
Ground and upper floor apartment
Single-family house
Town house

Type of dwelling

Observations
Data source: OIS and NVM.

7, 785
7, 640
6, 385
6, 179
6, 279
5, 872
27, 981
7, 505
4, 654
153
22
209
29
94
1
5, 640
24, 732
1, 457
1, 464
3, 035
19
285
2, 266
734
40, 140

4.5. Distribution of Treatments and Outcome

93

Data Source: NVM.

Figure 4.1: Average per square meter house prices between 2006-2011 in constant 2008
prices in 59×59 meter grid cells

4.5 Distribution of Treatments and Outcome
The outcome variable for the trade-off between immigrant and restaurant density is
the house price per square meter. Figure 4.1 shows the spatial distribution of house
prices in Amsterdam.17 The highest prices per square meter are in the city center
around the canals, in the area around the Vondelpark and in the south. These are
the areas with large and historic buildings and dwellings. Generally, the pattern of
high house prices in Amsterdam is identical to the spatial pattern common to large
(European) cities with a historic city center. There is a more or less abrupt transition
from high to low prices per square meter to the west, north and south-east of the
city center. The transition roughly coincides with location within or outside of the
highway A10 ring road. To the north of the city center, there is a waterway that
serves as such a general boundary for high house prices. The share of social housing
in the total housing stock is also relatively high in the areas outside of the ring road
and in the north. To the east, the average house prices on the newly developed
17

All observations are plotted in 3.500m2 (59 by 59 meter) rasters. The value of a raster indicates the
average house price of all observations in that raster.
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island of IJburg are close to or higher than the city average. The disconnected area
in the south-east was developed in the 1960s and is, more than any other area
in the city, home to a large concentration of non-Western immigrants. To harbor
of Amsterdam is located to the north-west, which is excluded from the research
because of the low number of residential houses in this area.
Figure 4.2 shows the immigrant and restaurant density in the local surroundings
of the houses in our data. The density is measured relative to the density in Amsterdam as a whole. If the density is close to one, the density of the local area is close to
the overall density in Amsterdam. Values below one indicate below-average density
and values above one indicate above average density. The spatial distribution of
the density of immigrants and restaurants is mainly determined by Amsterdam’s
built environment, city planning, and the characteristics of the housing stock. The
immigrant density is highest just inside and around the highway A10 ring road. The
city center is characterized by relatively larger, more expensive houses, while the
areas near the city boundaries are characterized by larger, less expensive houses.
For both these areas, the result is a lower than average population density. Although
immigrants are also clustered towards the south-eastern and western parts of the
city, we only find small pockets of higher than average immigrant density. This is
most likely because population density is relatively low in these areas and because
many immigrants live in clustered social housing (just as owner-occupied houses
are clustered). During the period covered by our research, 2006 to 2011, immigrant
density increased somewhat. By 2011 more areas had an above-average population
density because both the overall population density of Amsterdam and the median
immigrant density in the local areas increased between 2006 and 2011.
The restaurant density results show a concentric pattern from the city center:
the concentration of restaurants decreases further away from the city center towards the more residential areas of the city. The clustering of restaurants in the
city center is also related to the fact that the city center is the main tourist area,
which increases the demand for restaurants in that part of the city. Between 2006
and 2011, the distribution of ethnic restaurants in the city became somewhat less
equal. The density of ethnic restaurants in Amsterdam decreased when the local
restaurant density decreased during the Great Recession (2008) and increased again
in 2011, which shows the sensitivity of consumer goods to the economic business
cycle.
Figure 4.3 shows the distribution of the immigrant and restaurant diversity in
Amsterdam. Just like density, the diversity is measured relative to the diversity in
Amsterdam as a whole. If the diversity is close to one, the diversity of the local
area is close to the overall diversity in Amsterdam. Values below one indicate
below-average diversity and values above one indicate above average diversity.
Generally, immigrant diversity is higher farther away from the city center. Both the
city center and the south-east have low levels of immigrant diversity, the city center
because of relatively low immigrant density and the south-east because of a relative
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Data Source: OIS and NVM.

Figure 4.2: Average density of immigrants (above) and restaurants (below) in 59×59 meter
grid cells
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Data Source: OIS and NVM.

Figure 4.3: Average diversity of immigrants (above) and restaurants (below) in 59×59 meter
grid cells
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Data Source: OIS and NVM.

Figure 4.4: Hexagon plot of the immigrant and restaurant density

homogeneous, non-Western immigrant population.18 Generally, the areas with
low immigrant diversity are also the areas with the highest house prices in Figure
4.1. However, the lowest house prices are not in the areas with the highest levels of
population diversity. There are two pockets with high levels of population diversity
inside the highway ring road, toward the west and east sides, and these areas have
average to above-average house prices. There was no large change in the spatial
distribution of diversity between 2006 and 2011. The immigrant diversity both at
the local areas and in Amsterdam have remained the same between 2006 and 2011.
Restaurant diversity is generally higher in areas with relatively lower levels of
restaurant density, specifically to the east and west of the city center. The city
center remains the area with a restaurant composition that most resembles the
average in Amsterdam. The diversity observed at the western boundary of the city
can be ascribed to the fact that an area with a few restaurants that have different
ethnic origins exhibits a relatively high level of diversity, while in an area with
many restaurants, fluctuations in the number of restaurants of different ethnic
backgrounds have a smaller impact on the calculated diversity measure. The
diversity of restaurants remained more or less stable between 2006 and 2011, while
the diversity of restaurants in Amsterdam in general fluctuated with the density
18

The number of different ethnic groups is actually high in the south-east, but because we define
other non-Western immigrants as one group, this area is rather homogeneous.
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Table 4.3: Correlations between treatmentsa
Immigrant Restaurant Immigrant Restaurant
density
density
diversity
diversity
Restaurant density
Immigrant diversity
Restaurant diversity

−0.14∗∗∗
0.45∗∗∗
0.36∗∗∗

−0.55∗∗∗
0.29∗∗∗

0.04∗∗∗

Data source: OIS and NVM.
The statistical significance of the correlation coefficients is indicated by ***, **, * for
the 0.01, 0.05, and 0.1 significance levels, respectively.

a

of restaurants; diversity decreased around 2008 and increased after the economic
crisis.
The various maps provided in this section give some indication of the correlation between the different treatments. To elucidate the joint distribution of treatment intensities for immigrant density and restaurant density, Figure 4.4 shows the
distribution. A darker hexagon signifies a higher number of observations around
a treatment intensity. The majority of the observations in our data lie between a
treatment intensity of 1 and 5 for immigrant density, and below a treatment intensity of 1 for restaurants. Table 4.3 displays the correlation coefficients between
all the treatments. The correlation between immigrant and restaurant density is
negative and statistically significant (the coefficient is –0.14), which indicates that
areas with many immigrants generally have few restaurants. Table 4.3 also shows
that restaurants are more diverse in areas with more immigrants. The positive
relationship between restaurant diversity and immigrant density is not investigated
in this paper, but used as an assumption. The statistically significant correlation
points towards the fact that immigrant-induced, diverse, amenities arise with the
presence of immigrants, because of a supply as well as demand effect of immigrants of ethnic goods and services. The data also shows a positive correlation
between restaurant density and diversity indicating that areas with a higher restaurant density on average have a higher diversity of restaurants. The same holds
for immigrant diversity. We also investigate the role of diversity in the trade-off
between immigrant and restaurant density because at higher levels of both these
treatments, diversity might impact the results.

4.6 Results
We first discuss the conditional treatment effects of the multivariate estimation
for each treatment. Then the different normality and matching tests for the GPS
correction following the three stages of the GPS estimation are discussed. We
subsequently want to investigate whether there is a trade-off between people
consuming together yet living apart. To this end, we estimate the trade-off between

4.6. Results

99

the treatment intensities of immigrant density and restaurant density, conditional
on the diversity of immigrants and restaurants from the multivariate estimation.19

4.6.1 Multivariate Results
Because the treatment intensity of population and restaurant density and diversity
is not randomly distributed across Amsterdam, a selection equation that includes
the covariates is estimated in the first stage. The results of the conditional treatments from the selection equations are given in Table 4.4. Except for the garden
dummy included in the immigrant density and diversity calculations and the distance to the top ten tourist attractions for the restaurant diversity calculations, all
variables are statistically significant. The coefficients for dwelling characteristics all
have the expected sign, with lower immigrant density in areas with larger houses.
Immigrant density is higher in areas with more social housing and lower in areas
with more owner-occupied houses (compared to commercial rent). An explanation
for this result is the fact that social housing is generally allocated to apartments, not
houses, and apartments increase population density. Another reason may be that
immigrants tend to have larger families and have a higher tendency to rent in the
areas with social housing. The neighborhood characteristics show that restaurant
density is lower farther away from the central places in the city, i.e., further away
from the city center railway station, metro stations, and the main tourist attractions
which are all located within the highway ring road. These covariates explain about
53 percent of the variation in immigrant density and 81 percent of the variation in
restaurant density.
In accordance with the immigrant density results, population diversity is lower
in areas with larger houses and in areas closer to the city center. Population diversity
is also higher in areas with more social housing and owner-occupied dwellings
(compared to commercial rent). Renting a house in the commercial sector is,
relatively, the most expensive option for housing in Amsterdam, which may be
an explanation for these results. High-income residents select into locations with
commercial rent, and high-income residents are likely to be a relatively ethnically
homogeneous group of people. Population density has a positive correlation with
immigrant and restaurant diversity, indicating that higher density increases the
odds of higher diversity and that there is a correlation between the diversity of the
local population and the heterogeneity of local consumer demand, as proposed by,
among others, Waldfogel (2008). Restaurant diversity is lower in the central areas
of the city near the central railway station, metro stations, and the main tourist
attractions, while restaurant diversity is higher outside of the highway ring road.
Higher restaurant density is thus not a prerequisite for higher restaurant diversity.
The R 2 -values of the immigrant and restaurant diversity estimations are relatively low, 25 percent and 37 percent, respectively. Although the spatial distribution
19

We modified R scripts originally written for single continuous treatments by Raymond Florax,
Anita Yadavalli, and Ying Liu, at Purdue University. The script is available upon request.
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Table 4.4: Conditional treatment estimatesa
Immigrant (ln)
coef.
Density
Garden
Distance station (ln)
Distance metro (ln)
Distance top 10 (ln)
Inside ring
Share social rent pc6
Share owner occupied pc6
Population density km2
Constant
Year dummies
Dwelling type dummies
Number of rooms dummies
Observations
R2
Diversity
Garden
Distance station (ln)
Distance metro (ln)
Distance top10 (ln)
Inside ring
Share social rent pc6
Share owner occupied pc6
Population density km2
Constant
Year dummies
Dwelling type dummies
Number of rooms dummies
Observations
R2

−0.001
−0.133∗∗∗
−0.085∗∗∗
0.653∗∗∗
−0.055∗∗∗
0.334∗∗∗
−0.130∗∗∗
1.017∗∗∗
−13.020∗∗∗

Restaurant (ln)
st. err.

0.001
0.008
0.003
0.010
0.009
0.009
0.009
0.007
0.113

yes
yes
yes
40140
0.53

−0.113∗∗∗
−0.033∗∗∗
−1.922∗∗∗
−0.746∗∗
−0.056∗∗∗
−0.119∗∗∗
−0.104∗∗∗
22.280∗∗∗

st. err.

0.007
0.003
0.009
0.008
0.008
0.009
0.006
0.104

yes
yes
no
40140
0.81

−0.001
0.111∗∗∗
0.009∗∗∗

0.001
0.002
0.001

0.005∗∗∗
0.230∗∗∗
0.068∗∗∗
0.087∗∗∗
−2.036∗∗∗

0.004
0.004
0.004
0.003
0.032

yes
yes
yes
40140
0.25

coef.

−0.095∗∗∗
−0.020∗∗∗
0.003
−0.056∗∗∗
0.061∗∗∗
0.023∗∗∗
0.231∗∗∗
−1.347∗∗∗

0.003
0.001
0.004
0.004
0.003
0.004
0.003
0.043

yes
no
40140
0.37

Data source: OIS and NVM.
The statistical significance of coefficients is indicated by ***, **, and * for the 0.01, 0.05, and 0.1
significance levels, respectively.

a
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of the treatment intensity of restaurant and immigrant diversity does not indicate
the nature of the omitted variables, there is likely an underlying pattern explaining
restaurant and immigrant diversity that we cannot perfectly capture with our data.
Restaurant diversity might also be related to market factors such as competition
and quality, while immigrant diversity might relate to other spatial aspects, that we
do not observe.
In the second stage, we estimate the conditional expected house prices given the
multivariate treatment intensities and the estimated GPS as provided by equation
(4.26). Because there is no empirical interpretation of the estimated coefficients
and all interaction terms are included in a third-order polynomial specification,
we do not report the estimated coefficients here. The likelihood ratio test shows
that including the GPS leads to a better model specification for estimating the
dose-response function, with a χ2 of 1941. We reject the null hypothesis that the
GPS does not improve the specification, with a p-value less than 0.1 percent.
The GPS is based on the assumption of an underlying normal distribution of the
data. A Henze-Zirkler multivariate normality test of a random 10 percent sample
of the errors of the GPS estimation shows that the conditional treatments are not
multivariate normally distributed. The univariate Q-Q plots (Figure 4.5) of the
residuals show that the non-normality in the data is present for all treatments. The
Q-Q plots show high kurtosis for all treatments, especially in the left tails, but the
effect is most apparent for restaurant diversity. In addition to the requirement of
a normal distribution of residuals, we need to test the balancing of the matching
procedure, as described in Section 4.3.
Balancing of the matching procedure shows whether we can rely on the selection equation to satisfy a random assignment of observations to treatment levels
given the characteristics of the treated observations. Stated differently, we need to
make sure that the covariates in the selection equation are randomly distributed
across the observations with different treatment intensities. Assessing the quality of
the matching in a multivariate treatment setting is cumbersome. The matching for
estimations of each of the four treatments as single treatments, independent of the
other treatment intensities, shows that adjusting for the GPS improves the randomness of treatment intensities given the covariates. Implementing the propensity
score thus improves the results compared to the results obtained from more conventional estimations such as OLS. We do not obtain a fully balanced sample for
any treatment variable, however, which indicates that the conditional treatment
intensities of the four treatments are not fully randomly distributed across locations
in Amsterdam.
Figure 4.6 shows the dose-response function of the multivariate estimation
for each treatment estimated from equation (4.27).20 We find evidence for the
20

The predicted outcome variables are in logs and we recalculate the logs by taking the exponential
of the outcome. This, however, leads to an underestimation of the expected house prices and the
expected value needs to be corrected using the variance of the residuals of the regression. The
correction factor in our model is negligible (1.03), and we therefore use the exponential of the
outcome. See Wooldridge (2013) for more information.
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Data Source: OIS and NVM.

Figure 4.5: Q-Q plots conditional multivariate treatments

hypothesis that people value immigrant-induced, diverse consumer amenities.
House prices are higher in areas with both higher levels of restaurant density and
higher levels of restaurant diversity. The effect of restaurant density is the most
pronounced: the difference between the lowest and highest treatment intensities
of restaurant density is over e1,500 per square meter. The effect of immigrant
density is moderate, and house prices are somewhat lower at higher immigrant
density treatment levels. This supports the hypothesis that areas that have a relatively high number of immigrants are less attractive residential areas. Combined
with the relatively small size of the effect, this result might indicate that average
levels of immigrant density do not substantially impact house prices in a city like
Amsterdam, where about half of the population is of immigrant descent. Finally,
the dose-response functions show that house prices are higher in areas with lower
immigrant diversity, between the 20th and 40th quantiles of the treatment intensity,
but house prices are lower at higher immigrant diversity treatment intensities. This
result supports the hypothesis that residents prefer relatively homogeneous neighborhoods. Theoretically, this can also mean homogeneity in terms of the clustering

4000
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Data Source: OIS and NVM.

Figure 4.6: Conditional multivariate dose-response functions

of one immigrant group. These effects are about e200 per square meter between
the houses with low and high immigrant diversity treatment intensities.
The level of the effect of all treatments lies around the average per square
meter house price in Amsterdam, e3,435. The dose-response functions thus point
toward some subtle mechanisms at work in a consumer city, which can be better
understood if we look at the trade-off between the treatment of immigrants and
restaurants.

4.6.2 Trade-off
Figure 4.7 depicts the dose-response function of the joint estimation of the density of restaurants and immigrants.21 In line with the results of the conditional
dose-response functions, we find that house prices are lower in areas with more immigrants. In Figure 4.7, the effect of increasing immigrant density on house prices
21

The contour plot and dose-response function is plotted for the values of the immigrant density
and restaurant density between the 5th and the 90th percentiles.
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Figure 4.7: Multivariate contour plot and dose-response function for restaurant and immigrant density trade-off
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is negative at low levels of restaurant density and the presence of immigrants thus
has a negative effect on house prices. Access to ethnic restaurants has a positive
effect on house prices, as we showed for the conditional dose-response functions.
If the immigrant density is low, the effect of a higher number of restaurants on
house prices is positive.
These results show that a higher number of restaurants can compensate for the
negative effect of the presence of immigrants and that the hypothesized trade-off
between restaurant and immigrant density is present in Amsterdam. This tradeoff exists at all levels of immigrant density for lower house prices, and above an
immigrant density of 3 for higher house prices and occurs for most observations
in our data. Most of our observations in the data are around the mean value of
immigrant density, 4.05, and the mean value of restaurant density, 1.28, which is
also shown in the hexabin density plot in Figure 4.4.
The above described trade-off effect is also visible in Figure 4.6. Above the
5th percentile, where the restaurant and immigrant density intersect, the effect of
restaurant density on house prices is positive and the effect of immigrant density
on house prices is negative. The combined effect thus results in a trade-off.
The results of the trade-off described above in Figure 4.7 are conditional on the
treatment intensities of restaurant and immigrant diversity as observed in the data,
i.e., around the mean of the restaurant and immigrant diversity. In order to investigate the effect of restaurant and immigrant diversity on the trade-off between the
presence of immigrants and restaurants, we estimate the dose-response functions
for low and high levels of immigrant and restaurant diversity.
The dose-response functions in Figures 4.8 and 4.9 are estimated at a fixed
treatment level of immigrant diversity, the first and third quartile, respectively,
while restaurant diversity is included as observed. The overall trade-off effect
remains in tact at low levels of immigrant diversity. A higher immigrant density
has a negative effect on house prices which can be compensated by access to
a higher number of restaurants. However, with a high immigrant diversity, the
compensating effect of restaurant density almost diminishes. At the mean values
of immigrant and restaurant density, which coincides with the contour lines of per
square meter house prices between e3,200 and e3,400, the trade-off is low and the
overall negative effect of immigrant density on house prices is higher.
The results for the trade-off between immigrant and restaurant diversity conditional on whether the restaurant diversity is low or high shows a moderating effect.
Figure 4.10 shows that at a low level of restaurant diversity, the trade-off at the mean
values of immigrant and restaurant diversity is more or less equal to trade-off if the
restaurant diversity is average. For high restaurant diversity, Figure and 4.11 shows
that the effect of restaurant density on house prices is higher than with an average
restaurant diversity and the trade-off between restaurant and immigrant density is
somewhat higher at the average house price in Amsterdam.
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Data source: OIS and NVM.

Figure 4.8: Multivariate contour plot and dose-response function for restaurant and immigrant density trade-off at the first quartile of immigrant diversity
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Figure 4.9: Multivariate contour plot and dose-response function for restaurant and immigrant density trade-off at the third quartile of immigrant diversity
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Figure 4.10: Multivariate contour plot and dose-response function for restaurant and
immigrant density trade-off at the first quartile of restaurant diversity
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Figure 4.11: Multivariate contour plot and dose-response function for restaurant and
immigrant density trade-off at the third quartile of restaurant diversity
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4.7 Conclusion
It is often hypothesized that immigrants affect the utility of living in large cities
because they foster the access to consumer products that are available. In a spatial
equilibrium model of an intra-city housing market, our theoretical model shows
that differences in utility between neighborhoods can be explained by differences in
immigrant population externalities and access to diversified immigrant consumer
goods. These effects can be either positive or negative, implying the existence
of potential trade-offs in appreciation of the ethnic consumer goods on the one
hand and the presence of the ethnic population on the other hand. Our empirical
analysis for the city of Amsterdam indeed confirms the existence of such a trade-off,
with people preferring to live apart but consume together.
Specifically, our results show that there are compensating effects of restaurant
density on immigrant density as was predicted in the theoretical model in this
chapter. We also find that amenity-rich areas in terms of restaurants are more
attractive (measured by house prices) if these amenities are diverse. The effect
of restaurant density on house prices is especially substantial, and in a city like
Amsterdam this effect seems to be much more apparent than that of the population
composition. However, the compensating effect of the access to ethnic restaurants
on the presence of immigrants diminishes if the immigrant population is very
diverse. We apply a relatively novel identification strategy in this chapter. Although
we cannot fully account for the non-randomness in the treatment intensities in
our data, the estimations manage to substantially reduce the endogeneity bias
apparent in this type of research.
A couple of questions raised in this chapter warrant further research. While
we have established the patterns evident at specific spatial scales (smaller effects
for population and larger effects for restaurants), we do not know whether these
spatial scales also hold for different cities or whether they depend on city size
and transportation costs. Further research into the internal structure of cities and
the connectedness between neighborhoods and between areas with different user
functions, such as residential areas, shopping areas, etc., is needed to answer this
question. In addition, the results in this chapter not only raise the question of
how the internal structures of cities foster the utility derived from ethnic density
or diversity, but also how these structures can decrease the utility derived from
immigrants. Our research is a cross-sectional model of trade-offs in neighborhoods.
Further research with a dynamic model may provide insights into the changes of
trade-offs and the underlying causes for these trade-offs. Another question that
can be raised from the results presented in this chapter is not only how well these
results fit to other cities that are as ethnically diverse as Amsterdam, but also how
well these results fit to cities that are much less ethnically diverse and that might
have different segregation patterns.
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Appendix 4.1
This appendix contains the derivation of the model in Section 4.2 with more general
assumptions and shows that a non-fixed housing supply leads to level effects on
neighborhood house prices and narrows the effect of immigrants on city-level
house prices down to the income effect.
Equation (4.7) is obtained by second-stage budgeting using equation (4.6) and
(4.5):
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The equilibrium prices in the housing market, equations (4.11) and (4.12), are
determined by setting (4.8) and (4.9) equal to the housing supply in equation (4.10).
For neighborhood 1, the equilibrium price is:
γ

ψ1 r 1

r 1∗

= λN

(1 − α) Y
r1

·
¸ 1
(1 − α) Y 1+γ
= λN
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(A.4.2)

The equilibrium price for neighborhood 2 is:
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(A.4.3)

Equilibrium in the model is obtained when the utility of natives is equal across
the two neighborhoods. We set the indicator value I m to 1 in neighborhood 2 and
equal to zero in neighborhood 1 and assume symmetry of consumption between
the two neighborhoods, meaning that:
1
ρ

C 1 = n1 xi
1
ρ +δ

C 2 = n2

xi .

Solving for U1 = U2 leads to:
C 1α (AH1 )1−α = C 2α (A (m) H2 )1−α .

(A.4.4)
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From equation (4.5) we derive Y , and from equation (4.4) we derive H1 and H2 ,
respectively, and substitute this into equation (A.4.4):
C 1α A 1−α

µ

1 − α q1
C1
α r1
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= C 2α A (m)1−α

µ

1 − α q2
C2
α r2

¶1−α
.

C d follows from equation (4.2), q 1 and q 2 follow from equation (4.6), and r 1 and r 2
follow from equation (4.11) and (4.12), respectively. Note that the indicator value
I m is equal to 0 in neighborhood 1 and equal to 1 in neighborhood 2. This leads to
the following equation:

"

n1
X


i =1

ρ
xi

# 1 α
ρ



 A 1−α  1 − α
 α h



"

n2
X


i =1

ρ
xi

#1

ρ

·n
P2

α



δ
1−α  1 − α
n 2 A (m)
 α h


i =1

[(1 − λ) N

−1
β

·n
P1
i =1

1−α

¸−β

xi

"

λN (1−α)Y
ψ1

¸−β

xi

−1
β

i

1
1+γ

n1
X
i =1

ρ
xi

#1 
ρ





=

1−α
n 2−δ

"

+ σm] (1−α)Y
ψ2

i

1
1+γ

n2
X
i =1

ρ
xi

#1

ρ




n 2δ 


(A.4.5)
.



The share of natives in neighborhood 1 is obtained by solving equation (4.13)
for λ:
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The average weighted house price in the city is calculated as follows:
r¯∗ =

r 1∗ Hd1
Hd1 + Hd2

+

r 2∗ Hd2
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.

Using equation (4.10), (4.11), and (4.12), this leads to:
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If we rewrite equation (4.14) as:
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and substitute this into equation (A.4.7), we obtain equation (4.15):
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(1 − ω (m)) 1+γ

Equation (4.17) is derived by taking the log of equation (4.15), and differentiate
for m:
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To calculate the impact of immigrants at the neighborhood level, we take the
logs of equations (4.11) and (4.12) using equation (4.14) and differentiate these
with with respect to m. We write λ according to equation (A.4.8):
¢
1 ¡
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For neighborhood 2 the impact of immigrants is:
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Finally, to establish the effect of immigrants on relative house prices we derive
equation (4.21), for which we need equation (4.20), which is:
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CHAPTER

Ethnic Drift and White Flight
A Gravity Model of Neighborhood Relocations in Amsterdam and The Hague1

5.1 Introduction
Societies in most developed countries are becoming increasingly ethnically diverse.
In general, the largest concentrations of ethnic groups can be found in urban areas,
and in many countries smaller cities are catching up to larger cities in terms of
the diversity of their populations. Within cities, the trend of increasing population
diversity does not necessarily translate into multicultural mixed neighborhoods.
On the contrary, at the neighborhood level diversity and segregation along ethnic
lines are increasingly apparent in many cities. More and more research convincingly shows that these patterns can be partly explained by individuals’ preferences
for neighborhoods that house a substantial share of their own ethnic group or
neighborhoods in which there is a relative dominance of their own ethnic group
(Krysan and Farley, 2002; Vigdor, 2003; Bolt et al., 2008; Card et al., 2008; Saiz and
Wachter, 2011; Bayer et al., 2014). The link between individual preferences for
the ethnic composition of neighborhoods and the aggregate neighborhood population composition is not always straightforward, especially in cities with many
ethnic groups. The processes of neighborhood formation based on preferences
for ethnic clustering depend on the initial distribution of different ethnic groups
over neighborhoods (Becker and Murphy, 2000). Schelling (1971) already showed
that, given an initial distribution of ethnic groups over neighborhoods, individuals’ preferences for their own ethnic groups can lead to the aggregated result of
1

This chapter is based on joint work with Raymond J.G.M. Florax (Purdue University and Vrije
Universiteit Amsterdam) and Peter Mulder (Vrije Universiteit Amsterdam).
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completely segregated neighborhoods. The relative distribution of ethnic groups
over neighborhoods is thus important to determine mover flows and ultimately
neighborhood dynamics.
In this chapter, we do not address the issue of segregation directly, but we aim
to identify the role of the presence of the own ethnic group in neighborhoods in
residential relocation behavior of that ethnic group. To this end, we conduct a
descriptive analysis of ethnic spatial sorting at the neighborhood level by implementing a gravity model of ethnic intra-urban mover flows.2 A gravity approach
allows us to incorporate the fact that within a given geographical setting, mover
flows emerge from individual choices that are made within the context of an overarching spatial structure. Clearly, an urban (metropolitan) area consists of a system of
neighborhoods, and within this spatial structure intra-urban neighborhood choice
is based on the comparative evaluation of the attractiveness of neighborhoods for
different ethnic groups (Waldorf, 1993). Using the gravity approach thus allows us
to structurally address the link between neighborhood choice at the individual level
and change at the neighborhood level. In many empirical studies on intra-urban
residential relocation related to ethnic segregation, the structural link between
neighborhood choice at the individual level and change at the neighborhood level
is underexplored, whereas this notion has been well established theoretically since
the work of Schelling (1971).
Gravity models are the standard workhorse for explaining international or
interregional migration flows, but they are seldom used to explain residential flows
at lower spatial scales.3 Research on ethnicity and neighborhood formation is
often based on individual choice theory or on neighborhood characteristics such as
ethnic shares and housing prices.4 Similarly to Newton’s original gravity equation
in physics, the magnitude of migration flows between two areas has been found to
negatively depend on the distance between countries and to be positively related
to their respective weights in terms of GDP or population.5 The concept of distance
can be extended to encompass not only physical distance but also cultural or
institutional differences between regions. The underlying idea is, of course, that the
latter differences may act as additional barriers to migration because they increase
the cost of moving goods or people in addition to the costs of bridging physical
2
The focus on intra-urban neighborhood differentials as opposed to inter-urban neighborhood
differentials is motivated by the assumption that households choose between neighborhoods within
a specific urban region and not between similar neighborhoods within a whole state or province.
3
We have encountered two papers that use a structural gravity approach in the context of neighborhood location or formation. Waldorf (1993) develops a gravity model to measure segregation
because it incorporates additional relocation barriers like income differences. Saiz and Wachter
(2011) use a gravity pull measure to instrument the endogeneity of immigrant location patterns.
Bolt et al. (2008) and Schaake et al. (2014) study mover flows between neighborhoods, but they do
not use a structural gravity model of neighborhoods.
4
Gabriel and Rosenthal (1989) and Ioannides and Zabel (2008) are examples of the former; Card
et al. (2008) and Saiz and Wachter (2011) are examples of the latter.
5
For the gravity model applied to migration, we refer to Greenwood (1975), Karemera et al. (2000),
Lewer and van den Berg (2008), and Falck et al. (2012).
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distance (Guiso et al., 2009; Karemera et al., 2000; Grosjean, 2011; Caragliu et al.,
2013). Indeed, Falck et al. (2012) show that similarity in cultural identity between
German regions affects mover flows between these regions. Likewise, in our gravity
approach we assess the extent to which ethnic friction measures impact mover
flows across neighborhoods.
The focus on friction measures of ethnic populations allows us to incorporate
Schelling’s observation that the effect of ethnic neighborhood composition on
subsequent ethnic sorting and clustering is likely to be asymmetrical (Schelling,
1971). The intensity of mover flows of a specific ethnic group from a neighborhood
with a low concentration of that ethnic group to a neighborhood with a higher
concentration of that ethnic group is potentially very different from the intensity of
mover flows of that ethnic group in the opposite direction. The size of the mover
flows also crucially depends on the magnitude of the difference in concentration,
i.e., the distance between concentrations. We can incorporate ethnic distance and
direction by estimating higher-order polynomials of the ethnic friction measure
and an interaction term for positive values of the ethnic distance. This way of
measuring the role of ethnicity in neighborhood dynamics departs from many other
measures regularly used. In addition to providing a simple way of incorporating
the potential asymmetric effect of ethnic distance on the size of mover flows, this
method uses the information available in the data on the ethnic connectedness
between neighborhoods within cities. Larger mover flows between neighborhoods
based on the ethnic friction measure indicate a higher ethnic connectedness (or
lower ethnic barriers for mover flows) between those neighborhoods.
Our analysis is based on unique micro-data on population flows between neighborhoods in the Dutch metropolitan areas of Amsterdam and The Hague. The
urban agglomerations are defined such that they largely encompass the labor market area in order to exclude people moving for job market reasons. Amsterdam is
the largest and The Hague is the third largest city in the Netherlands. Both cities
consist of about 45 percent ethnic minorities in 2004, but Amsterdam is relatively
less segregated than The Hague. The cities are analyzed separately as a system of
neighborhoods, and the mover flows are aggregated to a cross-section over the
period from 2004 to 2008. We focus on the mover flows of Dutch, Turks, Moroccans,
Caribbeans, and a rest group consisting of all the other ethnicities. Our data allows
us to control for the socioeconomic and demographic characteristics of neighborhoods. However, our data do not allow us to draw conclusions about the causal
direction of the relationship between the share of an ethnic group in a neighborhood and the size of mover flows of that ethnic group. The relationship will most
likely also run in the reverse direction, and mover flows of an ethnic group will
impact relative neighborhood characteristics. Given this drawback, we still believe
that the proposed gravity framework is relevant to describe the structural link between neighborhood choice at the individual level and change at the neighborhood
level.6
6

Peeters (2012) puts forward a gravity specification that deals with several of the endogeneity issues
in gravity models. A drawback of this specification is that it puts heavy demand on the data used.
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For both cities, our results clearly show that ethnic drift leads to the clustering
of minority ethnic groups; mover flows of an ethnic group into neighborhoods
with smaller shares of that ethnic group are close to zero. For the Dutch, we find
evidence of a white flight (Card et al., 2008): the native Dutch population moves
into neighborhoods with higher shares of Dutch residents and out of neighborhoods with higher shares of non-natives. The ethnic drift of the minority groups is
relatively stronger than the white flight, but the preferences of the majority group
are likely to disproportionally impact the final composition of neighborhoods.
Mover flows of all ethnic groups, except the Caribbeans, are higher into more diverse neighborhoods, all other things being equal. This finding points towards
ethnic preferences for neighborhoods with a clustering of the own ethnic group,
but not a clustering of other ethnic groups. Our results concerning white flight
are in line with Bolt et al. (2008), who find that the Dutch are more likely than
ethnic minority groups to move into neighborhoods with a low concentration of
ethnic minorities. Schaake et al. (2014) find that ethnic minorities have a tendency
to move into neighborhoods with more Dutch and their research thus supports
the idea of increasingly multicultural neighborhoods. Our results do not seem to
endorse these findings, because we find that mover flows are larger for all ethnic
groups into neighborhoods that are diverse in terms of other ethnic groups. From
an international perspective, our results are in line with results found in the US,
which show that ethnic groups have a tendency to cluster and that the underlying
mechanism is not only driven by differences in socioeconomic status, but also by
preferences for the own ethnic group (Krysan and Farley, 2002; Saiz and Wachter,
2011; Bayer et al., 2014).
The next section describes the specification of the gravity equation and the
estimation procedure for count data models. In Section 5.3 we give a detailed
description of the neighborhood and flow characteristics of Amsterdam and The
Hague, and we describe the data used in the analysis. Section 5.4 gives the results
of the estimation of different ethnic mover flows between neighborhoods while
controlling for other differences between the neighborhoods of Amsterdam and
The Hague. In 5.4 the results of several robustness checks are described. Section
5.5 concludes and gives future research ideas to further explore the use of a gravity
approach in intra-urban residential relocation.

5.2 Econometric Model
To identify the relevance of ethnic drift and white flight in relocation decisions
across neighborhoods, we start from a traditional gravity model equation. In addition to the usual geographical distance measure, we include a measure pertaining to
ethnic distance between neighborhoods. This friction measure is operationalized
as the difference in population share of an ethnic group between the neighborhoods of origin and destination:
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∆s i j = s j − s i ,
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(5.1)

where s is the population share of the an ethnic group, and i and j are the origin and
destination neighborhoods belonging to a set of n disjointed neighborhoods of a
metropolitan area. For notational convenience, we use the ∆ operator to define the
difference in attribute values between the origin and destination neighborhoods.
For ease of interpretation, equation (5.1) is defined as the difference between the
neighborhood of destination and the neighborhood of origin. A positive value,
then, corresponds to a move to a neighborhood with a higher attribute value, i.e., a
higher population share of an ethnic group. Obviously, the order of the terms does
not materially affect the analysis.
Nonlinearity in the association between the ethnic friction measure and the
size of mover flows can be achieved by including higher-order polynomials of the
ethnic friction measure. Asymmetry can be incorporated by relaxing the assumption that the effect is symmetric for mover flows into neighborhoods with higher
ethnic shares and neighborhoods with lower ethnic shares. This leads to a flexible
functional form in which a linear and quadratic terms are split into ∆s i j + and ∆s i j − ,
and ∆s i2j + and ∆s i2j − , respectively, depending on whether ∆s i j ≥ 0 or ∆s i j < 0.
We include a friction measure of neighborhood diversity, ∆Hi j . This index
is calculated for a specific ethnic group and constructed by including all ethnic
groups in the neighborhood except the specific ethnic group for which the index is
calculated. The index measures whether the composition of the neighborhood is
diverse in terms of ethnic groups other than the ethnic group under consideration.
The diversity index for neighborhood i is calculated as follows:
Hi = 1 −

m−1
X

(s i e )2 ,

(5.2)

e=1

where s i e is the share of people from ethnic group e among the residents of neighborhood i . An index value of 0 indicates that all residents in the neighborhood are
of the same ethnic group, whereas a value of 1 − 1/(m − 1) is the maximum value of
the index, which indicates that all ethnic groups are equally large.
Hence, inter-neighborhood flows for a specific ethnic group are modeled as
follows:
¡
f i j = F β0 + β1 ∆s i j + + β2 ∆s i j − + β3 ∆s i2j + + β4 ∆s i2j − + β5 ∆Hi j
¢
+∆x i0 j β6 + β7 d i j + δi + δ j , ∀i 6= j ,

(5.3)

where f i j is the size of the mover flow between neighborhoods i and j , ∆x i0 j is
a set of control variables capturing socioeconomic and demographic differences
between neighborhoods, d i j is the geographical distance between neighborhoods,
δi and δ j are unobserved origin and destination neighborhood effects, respectively,
and F is an as of yet unspecified functional form.
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The control variables in the regression analysis include the distance between
the neighborhood of origin and destination, the number of dwellings in the neighborhood, and the growth in housing stock in the neighborhood, which is included
for the neighborhood of destination. These variables relate to the basic explanatory variables in a gravity equation, specifically size and distance. The economic
neighborhood characteristics included are the mean per capita neighborhood income and the share of social rent and owner-occupied housing in the total housing
stock. To control for life-cycle-related residential relocations, the share of children
in the total population of the neighborhood is included, which serves as a proxy
for whether the neighborhood is family oriented and whether the houses in the
neighborhood are suitable for families. We control for unobserved neighborhood
characteristics of the origin and destination neighborhoods by including an origin
fixed effect and destination fixed effect at the district level. The neighborhoods of
Amsterdam and The Hague are aggregated into 15 district levels, and the neighborhoods outside of Amsterdam and The Hague, respectively, are aggregated into one
district for each city.
Equation (5.3) is given for inter-neighborhood flows, which is the case where
i 6= j . The case where i = j concerns intra-neighborhood mover flows. Following
LeSage and Pace (2008), intra-neighborhood mover flows can be included in the
model using a simple reparameterization:
¡
f i j = F β0 + β1 ∆s i j + + β2 ∆s i j − + β3 ∆s i2j + + β4 ∆s i2j − + β5 ∆Hi j
¢
+∆x i0 j β6 + β7 d i j + x i0 β8 + δi + δ j ,

(5.4)

and creating a block-diagonal design matrix by defining ∆s i j − = ∆s i j + = ∆s i2j + =

∆s i2j − = ∆x i0 j = d i j ≡ 0 if i = j , and x i0 ≡ 0 for all i 6= j , where x i0 is a vector of neighborhood characteristics. The submodel for intra-neighborhood flows depends only
on the levels of the characteristics in each neighborhood, while the differences
are by definition zero. For the submodel for inter-neighborhood flows, only the
differences between the characteristics of the neighborhoods, not the level of the
characteristics, determine the size of the flows.
The gravity model for origin-destination flows is originally a nonlinear relationship expressing the magnitude of mover flows as a multiplicative function of
the origin and destination populations, taking into account the friction of geographical distance. A straightforward log-linearization makes it feasible to estimate
the linearized version of the model with Ordinary Least Squares (OLS). However,
the validity of log-linearization and estimation with OLS crucially depends on the
homoskedasticity of the error terms. Santos Silva and Tenreyro (2006) show that
log-linearized gravity models only comply with the homoskedasticity assumption
under very specific conditions and that the OLS estimator is therefore in general
inconsistent and inefficient. They propose that the multiplicative form be estimated directly with a Poisson pseudo-maximum likelihood (PML) estimator used
in count data models. Through simulations and an empirical example, they show
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that standard approaches lead to substantial bias in the estimated coefficients. An
additional advantage of the Poisson PML approach is that it offers a natural and
consistent way of dealing with zero-counts of the dependent variable. Although
different ways of incorporating zero-flows in a log-linearized version of the gravity
model have been suggested, these solutions remain unsatisfactory, especially in
cases with many zero-flows (Burger et al., 2009; Linders and De Groot, 2006).7
We therefore estimate the gravity equation using the Poisson PML estimator
rather than applying OLS to appropriately log-linearized versions of equations (5.3)
and (5.4). In general terms, the structural equation of the regression model shows
that the probability of observing a realization y i for a random (count) variable Y is
given by the Poisson probability function (Long, 1997; Winkelmann, 2008):
y

¡
¢ e −λi λi i
Pr Y = y i =
, with λi ∈ R+ , y i ∈ N0 ,
yi !

(5.5)

where λi is the mean of the Poisson distributed variable for observation i . The
expected value λi is always positive and therefore often modeled as conditional
on
¡
¢
0
a set of explanatory variables using
the
logarithmic
link
function,
log
E(y
)
=
x
β,
i
i
¡ 0 ¢
and therefore E(y i ) = λi = exp x i β .
The defining characteristic of the Poisson distribution is equidispersion,
¡ which
¢
implies
that
the
conditional
mean
and
the
conditional
variance
are
equal,
E
y
|x
=
i
i
¡
¢
Var y i |x i = λi . The Poisson distribution entails that the occurrences of events are
independent and that the rate at which an event occurs is constant, but in most
cases, even conditionally, socioeconomic data will not be Poisson distributed due
to contagion and unobserved heterogeneity. In practice, socioeconomic data are
often overdispersed, as is the case with our data, in which case a Poisson model
underestimates the magnitude of the dispersion as well as the standard errors
(Long, 1997; Long and Freese, 2006). We therefore prefer to estimate a negative
binomial (NB) model that allows for overdispersion by incorporating unobserved
heterogeneity through an unobserved unit-specific error:
¡
¢
λi = exp x i0 β + εi .

(5.6)

The typical assumption for the error term is that it follows a gamma distribution with mean unity, so that the expected value λi for the negative binomial
distribution is the same as for the Poisson distribution. In contrast to the Poisson
model, the conditional variance for the NB model is assumed to follow the function

7

Santos Silva and Tenreyro (2006) convincingly claim that heteroskedasticity rather than truncation
of the data is the more severe problem in estimating gravity model equations. Extended simulations
in Santos Silva and Tenreyro (2011) show that the Poisson PML estimator also performs satisfactorily
in cases where the proportion of zero-flows in the sample is large.
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¡
¢
Var y i |x i = λi + αλ2i , which, for a dispersion parameter α > 1, clearly shows the
allowance for overdispersion.8
So far we have ignored differences in the population at risk across observations.
In our empirical analysis, the size of the mover flow obviously depends on the
size of the different ethnic groups in neighborhoods. In order to correct for these
exposure differences, the count variable can be scaled by the size of the population
at risk, but this scaling implies that instead of a count variable we end up with a
fraction to be explained.9 In the negative binomial model, an exposure variable on
the right-hand side of equation (5.6) can be included to control for the potential
population that can be observed to move out of a neighborhood:

λi

¡
¢
= S i exp x i0 β + εi
¡
¢
= exp x i0 β + ln S i + εi ,

(5.7)

where S i is the population at risk, of which the coefficient is restricted to unity.10
Excess zero’s for the dependent variable can also be the cause of overdispersion
in the data. Although an NB model can deal with zero counts, it is assumed in
the model that a count of zero is generated by the same process as a count of
one, two, etc. There are cases in which a zero count can stem from two different
processes, one in which the probability of a zero count is 1, and one in which the
probability of a zero count is smaller than 1, in which case the observation has a
probability of getting a positive count. Count models of this type, Zero-Inflated
Negative Binomial Models (ZINB), are estimated using probabilities of being in
either of the two groups. The expected count in a ZINB model is given by the
following:
¡
¢ £
¤ £
¡
¢¤
¡
¢
E y i | X i , Zi = 0 × ψi + λi × 1 − ψi = λi 1 − ψi ,

(5.8)

where ψi is the probability of being in the definite-zero group, 1 − ψi is the probability of not being in the definite-zero group, and Zi are the inflation variables
determining the zero-generating process of the definite-zero group.
Finally, the main method for evaluating the impact of ethnic distance on the
estimated regression is to calculate the predicted count of y i using fixed values of

8
In the literature, this is known
¡ as ¢the ‘NB2’ or ‘Negbin II’ version of the negative binomial model.
The NB1 model utilizes Var y i |x i = λi + αλi as the specification for the conditional variance
(Cameron and Trivedi, 2009, 2013). Blackburn (2014) provides an overview of the performance of
the Poisson, NB1, and NB2 estimators.
9
This is feasible using, for instance, the fractional logit estimator developed by Papke and
Wooldridge (1996).
10
In an operational sense, S i can be replaced by S i + c if the population variable is not strictly
positive. The adjustment factor c is a sensibly defined constant (Long, 1997). We use c = 1.
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the ethnic friction measure. We calculate the mean predicted value11 of the ethnic
friction measures and keep the values of the covariates as observed in the dataset
using the following:
£ ¤
¡
¢
λ = E y = exp X i β .

(5.9)

Following Winkelmann (2008), the standard errors of these predicted counts
are calculated using the variance matrix of β̂ according to the maximum likelihood
Negbin II estimator:
Ã
!−1
¡
¢
n
X
exp x i0 β
¡ ¢
0
Var β̂ =
.
(5.10)
¡ 0 ¢ xi xi
1
i =1 1 + α exp x i β
We use marginal effects to compare the sizes of the different estimated coefficients in the model. These can be calculated for different observed values, i.e.,
scenarios, using the following:
£ ¤
∂E y
= λβl .
(5.11)
∂x l

5.3 Data
For our analysis, we select the largest and the third largest city of the Netherlands,
Amsterdam and The Hague, respectively, because The Hague is considered to be
relatively segregated while Amsterdam’s neighborhoods are more ethnically diverse.
Because foreign ethnicities are overrepresented in the largest cities, focusing on
these cities ensures sufficient variation in the mover flows of different ethnic groups.
In 2004, 11.5 percent and 6.5 percent of the immigrants in the Netherlands lived
in the cities of Amsterdam and The Hague, respectively. When the Metropolitan
Areas (MA)12 of the cities are included, these percentages grow to 19 percent and
10 percent, respectively. Amsterdam and The Hague are geographically proximate,
but they constitute different metropolitan areas. For the Metropolitan Area of
Amsterdam we use the NUTS3 regions Greater Amsterdam, Haarlem agglomeration,
and Zaanstreek, and the city of Almere. For the Metropolitan Area of The Hague
we use the NUTS3 regions Greater The Hague and Delft&Westland. Figure 5.1
shows the areas and Table 5.1 lists the municipalities included in the analysis of
the MAs. Neighborhoods are the smallest statistical spatial units used by Statistics
Netherlands and consist of, roughly, a couple of thousand dwellings.
11

The predicted count at specific values of ∆s i j can be calculated at the mean of all observed values,
i.e., the predicted values at the mean, but also by finding the mean after calculating the predicted
value for each observation, i.e., the mean predicted value. Because the mean of most variables in
our dataset is zero and we include dummy variables for which the mean does not have a sensible
interpretation, we calculate the mean predicted values.
12
Our definition of the Metropolitan Area of Amsterdam differs from the official Metropolitan
Region of Amsterdam (MRA).
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Figure 5.1: Neighborhoods and metropolitan areas of Amsterdam and The Hague

Because each single neighborhood in a gravity model has equal weight in the
analysis, including all of the individual neighborhoods of the MAs would shift
the weight of the analysis away from residential relocations within the cities of
Amsterdam and The Hague. We therefore aggregate the neighborhoods outside
of the city boundaries into large ‘neighborhoods’ (see Table 5.1). This allows us to
include suburbanization patterns without focusing on intra-suburban relocations.
We exclude neighborhoods with less than 25 residential dwellings. The analysis is
performed on 99 neighborhoods for the metropolitan area of Amsterdam (of which
93 are in the city of Amsterdam) and on 113 neighborhoods for the metropolitan
area of The Hague (of which 106 are in the city of The Hague). All other relocations
outside of the above defined system are not included in the analysis. We use a
closed system of flows so that all possible neighborhood flows within the system
are included in the analysis, even if these are zero.
A gravity model predicts that most mover flows occur between neighborhoods
that are geographically close. Of all relocations in the municipality boundaries of
Amsterdam between 2004 and 2008, 54 percent are between neighborhoods within
these city boundaries. For The Hague, this number is 56 percent. By including the
neighborhoods of the MAs, we can cover about 75 percent of all moves into or out
of neighborhoods in Amsterdam or The Hague. Thus, 25 percent of the relocations
in Amsterdam and The Hague are from or to a neighborhood outside of the area
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Table 5.1: Aggregated neighborhoods in the metropolitan areas of Amsterdam and
The Haguea
Amsterdam

The Hague

Amsterdam (93)

The Hague (106)

Aalsmeer, Haarlemmermeer, Uithoorn (1)

Midden-Delfland, Westland (1)

Amstelveen, Diemen, Ouder-Amstel (1)

Delft (1)

Bennenbroek, Bloemendaal, Haarlem,
Leidschendam-Voorburg (1)
Heemstede, Haarlemmerliede en Spaarnwoude,
Zandvoort (1)
Zaanstad, Wormerland (1)

Pijnacker-Nootdorp (1)

Beemster, Edam-Volendam, Graft-De Rijp,
Landsmeer, Oostzaan, Purmerend,
Waterland, Zeevang (1)

Rijswijk (1)

Almere (1)

Wassenaar (1)
Zoetermeer (1)

Data source: GBA Statistics Netherlands.
Neighborhoods outside of the city of Amsterdam and The Hague are aggregated into 6 and 7
neighborhoods, respectively. The number of neighborhoods in the municipalities as is used in the
analysis is shown in parentheses. The total number of neighborhoods in the metropolitan area of
Amsterdam is 99, of which 93 are within the city of Amsterdam. The total number of neighborhoods
in the metropolitan area of The Hague is 113, of which 106 are within the city of The Hague. All the
neighborhood definitions are based on 2008 boundaries.
a

included in our analysis. Of all the relocations in our analysis, 83 percent are interneighborhood relocations in Amsterdam, and 86 percent are inter-neighborhood
relocations in The Hague. Because we aggregate the neighborhoods of the MAs into
large neighborhoods, the inter-neighborhood flows in these areas become much
lower by construction, in particular 51 percent for the MA of Amsterdam and 62
percent for the MA of The Hague.
Mover flows are calculated from the administrative municipality data (GBA)
from Statistics Netherlands, which contain the residential location of all residents
of the Netherlands as well as changes in location. We select all residents who moved
between any of the neighborhoods in our study area between 2004 and 2008.13
Because the analysis is focused on the aggregate mover flow, all neighborhood
variables are totals or means of individuals as opposed to, for example, households.
For analyses performed at the individual level, households would be a more obvious unit of analysis because the household makes a decision to move. However,
if the analysis is performed at the aggregate neighborhood level, the aggregate
13

Individuals from institutional households such as penitentiaries or retirement homes, individuals
who have resided at one location less than 180 days, and individuals who are registered at one
dwelling with more than 100 other individuals are excluded from the analysis.
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characteristics of all individuals in a neighborhood, not the characteristics of the
head of each household, determine the neighborhood’s characteristics.
Each flow from one neighborhood to another is the total number of residential
moves between 2004 and 2008. This five-year period is selected because, on the
one hand, the number of residential moves is low over relatively short time periods.
On the other hand, mover flows are in general not sufficiently large over a fiveyear period to substantially change the ethnic composition of neighborhoods.
In this way, we reduce as much as possible the dynamic processes in our data
and the possibility that mover flows are compounded by changing neighborhood
characteristics that have themselves resulted from the size of the mover flows that
we are trying to explain.
We focus on the largest ethnic groups in the MAs of Amsterdam and The Hague:
the Dutch, Turks, Moroccans, and Caribbeans.14 Ethnicity is based on the country
of birth of the parents. The country of birth of the mother is the leading determinant
of ethnicity, unless she is born in the Netherlands, in which case the country of birth
of the father is the leading determinant. Table 5.2 shows the ethnic population
composition of the two cities and MAs. The four ethnic groups in our analysis
constitute 81 percent of the total population of the MA of Amsterdam and 82
percent of the total population of the MA of The Hague.
The location patterns of non-native groups and the Dutch differ. Ethnic minority groups are overrepresented within the city boundaries of Amsterdam and
The Hague, while the native population is relatively overrepresented outside the
cities, i.e., the suburbs. The standard dissimilarity index in Table 5.2 shows that
the neighborhoods of Amsterdam are somewhat less segregated than the neighborhoods of The Hague.15 When we calculate the index over the whole MA for either
city, segregation increases in general. According to Massey and Denton (1988),
segregation is low, with an index below 0.3, and moderate, with an index between
0.3 and 0.6. This categorizes the neighborhoods of Amsterdam and The Hague as
mostly moderately segregated as far as Moroccans, Turks, Caribbeans, and Dutch
are concerned. Compared to, for example, the segregation of blacks in US cities,
segregation is rather low in Amsterdam and The Hague. Cutler and Glaeser (1997),
Cutler et al. (1999), Bayer et al. (2014), and Vigdor (2003) calculate dissimilarity
indices with mean values of about 56 percent for blacks in the US.
14
15

Throughout the study, we refer to the Surinamese, Antilleans, and Arubans as Caribbeans.
We calculate the dissimilarity index as follows:
n
P

G ce =

i =1

Ti |s i e −s ce |

2Tc s ce (1−s ce ) ,

where G ce is the dissimilarity index of ethnic group e in city c, Ti is the total population in neighborhood i , s i e is the share of ethnic group e in neighborhood i , s ce is the share of ethnic group e in city
c, and Tc is the total population in the city. The index is calculated for each ethnic group against the
rest of the population. If the index is close to 0, there is no segregation, while an index close to 1
indicates a fully segregated distribution (Waldorf, 1993).
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Table 5.2: Population composition in 2004
Amsterdam The Hague

MA
Amsterdam

MA The
Hague

Total population
Dutch (percentage)
Caribbeans
Moroccans
Turks

733,047
52.00
10.99
8.62
5.13

463,599
55.96
7.68
5.06
6.71

1,720,267
66.62
7.19
4.56
3.47

966,916
67.91
7.68
3.00
3.67

Dissimilarity indexa
Dutch
Caribbeans
Moroccans
Turks

0.27
0.34
0.44
0.43

0.34
0.33
0.49
0.53

0.30
0.39
0.51
0.44

0.32
0.39
0.52
0.59

16,170
19,283
13,118
8,117
8,768

15,444
17,532
13,447
7,451
8,569

16,586
18,091
13,690
8,336
9,567

16,048
17,263
13,590
7,581
8,726

Yearly income per capita (e)b
Overall
Dutch
Caribbeans
Moroccans
Turks

Source: GBA Statistics Netherlands.
The calculation of the dissimilarity index is given in footnote 15 below.
b
Yearly per capita income is calculated in 2008 prices.
a
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Figure 5.2: Kernel density of ethnic neighborhood shares (s i ) for Amsterdam (left) and The
Hague (right)
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Data source: Housing Register of Statistics Netherlands.

Figure 5.3: Scatter plot of neighborhood shares of social rent and owner occupied housing
in Amsterdam (left) and The Hague (right)

The Dutch are the majority ethnic group in most neighborhoods, as shown
in Figure 5.2. Although a substantial share of the neighborhoods has a majority
population of foreigners, there are no neighborhoods with a majority of Moroccans,
Turks, or Caribbeans. The highest clustering of any of these three groups is around
30 percent of the population in a neighborhood. When we deal with multiple
ethnic groups that differ greatly in size, clustered and mixed neighborhoods are
not mutually exclusive. Neighborhoods in The Hague whose population are about
20 percent Caribbean, represent relatively high clustering for Caribbeans, while
the overall composition of such neighborhoods predominantly shows that they
include 80 percent other ethnic groups. Because we are interested in the role of the
own ethnic group, we focus on the former while the latter is controlled for by the
diversity index of the other ethnic groups in the neighborhood.
Ethnic neighborhood segregation is often closely related to the economic characteristics of a neighborhood. The mean incomes of the different ethnic groups
in this study are shown in the lower part of Table 5.2. The economic position of
the different ethnic groups in this study is representative of the position of ethnic
minorities in many countries: natives have a higher income per capita than ethnic
minority groups. For the ethnic group longest present in the Netherlands, the
Caribbeans, the income gap between this group and the native population is lower
than the gap between Turks or Moroccans and the native population.16 Another
explanation for the observed pattern of segregation and income clustering is partly
related to the role of housing markets. Housing market policies determine the
owner structure of dwellings in a neighborhood. In this case, the city of Amsterdam
chooses to mix types of housing more thoroughly than the city of The Hague, i.e.,
social housing is less clustered in Amsterdam than in The Hague, as shown in
16

As income is measured per capita, ethnic differences in family sizes impact the results as ethnic
groups with many children have lower per capita incomes.
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Table 5.3: Dependent variable: size of mover flows between 2004–2008

Percentage of non-zero flows
Dutch
Caribbeans
Moroccans
Turks
Rest

Amsterdam

The Hague

77.68
44.75
32.51
23.24
65.69

62.42
31.98
15.49
15.58
46.97

mean st.dev. min. max. mean st.dev. min. max.
Size flows excl. zero flows
Dutch
Caribbeans
Moroccans
Turks
Rest

17.37
6.74
5.87
5.25
8.31

66.70
28.59
11.28
10.18
21.44

1
1
1
1
1

3331 11.63 37.53
994 5.32 57.52
193 4.12 6.36
189 5.42 10.44
685 5.33 9.87

1
1
1
1
1

1744
142
102
131
290

Size total flows
Dutch
Caribbeans
Moroccans
Turks
Rest

13.49 59.22
3.02 19.42
1.91 7.00
1.22 5.38
5.46 17.82

0
0
0
0
0

3331
994
193
189
685

0
0
0
0
0

1744
142
102
131
290

7.26 30.18
1.70 4.96
0.64 2.91
0.84 4.56
2.51 7.27

Data source: GBA Statistics Netherlands.

Figure 5.3. Assuming that the lowest income groups are relatively dependent on
social housing, the general distribution of these groups should be more equal in
Amsterdam than in The Hague, which is what we indeed find in the descriptive
statistics.
Given the closed system of the gravity model, all zero-flows are included in
the regression, and the first lines of Table 5.3 show that for all non-Dutch ethnic
groups, over half of the possible mover flows between neighborhoods have a zero
count. Included in the analysis are a few neighborhoods in both Amsterdam and
The Hague that have no Moroccans or Turks, and the mover flows of Moroccans
and Turks from these neighborhoods are zero by definition. This is the case for 5
percent of the Moroccan flow and 3 percent of the Turkish flow in Amsterdam and
7 percent and 4 percent in The Hague, respectively. The mean size of the non-zero
mover flows is given in Table 5.3. We include a ‘rest’ group that contains the total
of residential moves between neighborhoods for all other ethnic groups, but we
generally do not report results for this rest group.
The explanatory variables used in the regression analysis are given in Table 5.4.
January 1, 2004 is used as the base date for measuring the individual neighborhood characteristics. We therefore explain mover flows between 2004 and 2008
by the differentials from neighborhood characteristics in 2004. The demographic
characteristics of the residents (date of birth, gender, country of birth, country of
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Table 5.4: Independent variables: neighborhood characteristics in 2004a
Amsterdam
Friction
measure

The Hague

Stock
value

Friction
measure

Stock
value

mean st.dev. min. max. mean st.dev. min. max.
∆s
Dutch
Caribbeans
Moroccans
Turks
Rest

0
0
0
0
0

0.23
0.10
0.11
0.07
0.09

0.14
0.01
0
0
0.09

0.89
0.46
0.35
0.24
0.36

0
0
0
0
0

0.27
0.11
0.07
0.10
0.11

0.07
0.00
0
0
0.05

0.92
0.30
0.28
0.35
0.39

∆H
Dutch
Caribbeans
Moroccans
Turks
Rest

0
0
0
0
0

0.08
0.22
0.21
0.21
0.31

0.73
0.19
0.20
0.20
0.03

0.97
0.90
0.89
0.89
0.72

0
0
0
0
0

0.07
0.24
0.24
0.24
0.34

0.74
0.12
0.14
0.15
0.01

0.95
0.84
0.95
0.85
0.77

Distance (km)b
No. dwellings (× 100)
Housing stock growthi
Mean income (× e1000)c
Share social rent
Share owner occupied
Share children

6.79 4.99 0.28 42.49
0 225.05 0.40 942.64
0.20 1.08 −0.15 9.79
0 7.49 8.90 35.76
0 0.30 0.05 0.88
0 0.25
0 0.81
0 0.08 0.05 0.30

5.20 2.97 0.38 19.79
0 108.52 0.32 465.10
0.26 1.77 −0.24 14.65
0 7.96 3.94 29.74
0 0.35 0.00 0.96
0 0.33
0 0.91
0 0.10 0.04 0.36

Data source: GBA, SSB and Housingregister Statistics Netherlands.
All variables are measured as a friction between the neighborhood of destination j and the
neighborhood of origin i , unless explicitly stated otherwise.
b
Distance is calculated as the Euclidean distance between centroids of neighborhoods.
c
Calculated as 2008 per capita prices.

a

birth of the mother, and country of birth of the father) are taken from the GBA
dataset. Yearly income data are taken from the Sociaal Statistisch Bestand (SSB)
from Statistics Netherlands and include all sources of individual income, such as labor income, social welfare, and unemployment benefits. Because the total income
of all neighborhood residents is averaged over the total population of the neighborhood, we obtain a per capita income that is lower than the average household
income would be. For the aggregated neighborhood characteristics, individuals
from institutional households are excluded. Information on the ownership composition of the housing stock in a neighborhood is taken from the Housing register
of Statistics Netherlands. Because these data are unavailable for 2004, the owner
composition in 2006 (the first available year) is used instead.
Table 5.4 gives the mean and standard deviations of the variables that are
given as the friction measures used in the regressions, whereas the minimum and
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maximum values are given as neighborhood stock values. The latter gives insight
into the base levels that result in the values of the friction measures. Because the
setup of the gravity model intrinsically warrants perfectly symmetrical distribution
of the variables if they are expressed as differences (except for increases in distance
and the number of dwellings), the mean of all the variables in differences equals
zero, while the range is between the difference of the minimum and maximum
values. For example, for Amsterdam, the ethnic friction measure of s i j (which we
label ∆s i j ) for the Dutch population falls between −0.75 (0.14 − 0.89) and +0.75
(0.89 − 0.14).

5.4 Results
The gravity model of mover flows is defined for each ethnic group individually, as
described in Section 5.2, but we estimate the model for all groups together. The
ethnic distance and distance in terms of diversity variables are interacted with an
ethnic group-specific dummy. The other covariates are homogeneously estimated
for all ethnic groups. We thus impose on the model that there are no differences
between groups in terms of the effects of these variables on the size of mover flows.
This assumption has the main advantage that results are comparable across the
different ethnic groups. The results of the estimated NB regressions cannot be easily
interpreted because the underlying model specification is nonlinear, especially for
the effect of ethnic peers. We therefore first discuss the direction of the results for
the control variables. We then discuss the results of the ethnic friction measures by
focusing on the predicted count of the mover flows. Lastly, we compare the size of
the effects of all explanatory variables by calculating their marginal effects.
The results of the base specification of equation (5.7) are given in Table 5.5. The
estimated α shows overdispersion in the data, which indicates that the use of a NB
model is warranted. The rest group is not reported in the results and serves as the
reference group. We include ethnic fixed effects to account for ethnic group-specific
unobserved characteristics that impact mobility or the tendency to move.17 Only in
Amsterdam are all the ethnic dummy variables statistically significant, indicating
differences in mobility relative to the rest group.
As expected from a gravity analysis, we find that the physical distance between
neighborhoods impacts the size of mover flows negatively, while mover flows are
higher into larger and growing neighborhoods. From the gravity literature, we
know that mover flows between any two areas decline if the distance between the
areas increases because the costs of migrating increase. This is true as well for
intra-urban mover flows. However, the extra costs are likely to be marginal, and
17

Schaake et al. (2010) and Van Ham and Clark (2009) have looked into residential mobility. Differences between the mobility of ethnic groups seem to be relevant vis-à-vis the presence of the same
ethnic group in the neighborhood.
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Table 5.5: Negative binomial regression results, base specificationa
Amsterdam
coef.
Dutch
Caribbeans
Moroccans
Turks

∗∗∗

−0.128
−0.252∗∗∗
−0.374∗∗∗
0.273∗∗∗

Dutch ∆s −
Caribbeans
Moroccans
Turks

st. err.

The Hague
coef.

st. err.

0.039
0.042
0.054
0.062

∗∗∗

0.126
0.200∗∗∗
−0.059
−0.016

0.045
0.049
0.060
0.060

3.559∗∗∗
6.881∗∗∗
3.122∗∗∗
6.220∗∗∗

0.339
0.807
0.967
1.815

4.839∗∗∗
2.506∗∗∗
5.032∗∗∗
3.904∗∗∗

0.299
0.890
1.392
1.191

Dutch ∆s +
Caribbeans
Moroccans
Turks

−1.611∗∗∗
5.172∗∗∗
9.005∗∗∗
9.784∗∗∗

0.317
0.779
0.908
1.742

−1.318∗∗∗
4.458∗∗∗
9.480∗∗∗
6.616∗∗∗

0.264
0.936
1.460
1.289

2
Dutch ∆s −
Caribbeans
Moroccans
Turks

2.008∗∗∗
10.037∗∗∗
1.549
−1.422

0.735
2.294
3.494
10.604

0.419
−21.822∗∗∗
2.342
2.392

0.553
4.100
6.175
4.369

2
Dutch ∆s +
Caribbeans
Moroccans
Turks

0.880
1.377
−23.255∗∗∗
−34.564∗∗∗

0.629
2.124
3.652
11.290

1.610∗∗∗
−24.271∗∗∗
−30.295∗∗∗
−15.913∗∗∗

0.420
4.495
6.747
5.125

Dutch ∆H
Caribbeans
Moroccans
Turks

1.828∗∗∗
−0.635∗∗∗
0.242∗
0.210

0.300
0.113
0.146
0.169

1.001∗∗∗
−0.266∗∗
0.821∗∗∗
1.007∗∗∗

0.237
0.125
0.164
0.156

Distance (km)
No. dwellings (×100)
Housing stock growth j
Mean income (×e1000)
Share social rent
Share owner occupied
Share children
Constant

−0.131∗∗∗
0.004∗∗∗
0.162∗∗∗
−0.003
1.512∗∗∗
0.609∗∗∗
3.186∗∗∗
−2.093∗∗∗

0.003
0.000
0.007
0.002
0.054
0.071
0.193
0.084

−0.234∗∗∗
0.003∗∗∗
0.095∗∗∗
−0.035∗∗∗
−0.226∗∗∗
0.113
2.777∗∗∗
−5.153∗∗∗

0.004
0.000
0.004
0.002
0.073
0.088
0.154
0.066

Observations
Pseudo log-likelihood
αb
Wald test χ2 (df)c

48,510
–83605.698
1.140∗∗∗
23769.46 (66)∗∗∗

0.015

63,280
–77175.635
1.260∗∗∗
23668.04 (64)∗∗∗

0.018

Data source: GBA, SSB and Housingregister Statistics Netherlands.
Huber-White robust standard errors are reported. The statistical significance of coefficients is
indicated by ***, **, and * for the 0.01, 0.05, and 0.1 significance levels, respectively. All variables are
measured as a friction between the neighborhood of destination j and the neighborhood of origin
i , unless explicitly stated otherwise. An ethnic rest-group, as well as neighborhood of origin and
destination dummies are included in the estimation but the estimated coefficients are not reported
here. The population at risk (exposure variable) is included in the estimation.
b
The significance of α is based on a χ2 likelihood-ratio test for overdispersion estimated on a
model with non-robust standard errors with the null hypothesis being that the model is Poisson,
corresponding to H0 : α = 1.
c
The Wald test is a full-model test of joint significance of all coefficients, with the null hypothesis
being that all coefficients are equal to zero.
a
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the results might also signal, for example, that social networks can be maintained
more easily over shorter distances.
Turning to the economic neighborhood characteristics, we find a negative correlation between income differences and mover flows, indicating that mover flows
from low-income neighborhoods into high-income neighborhoods and vice versa
are small. Most mover flows are between neighborhoods that are alike in terms of
average income. Because income is in general assumed to be the largest determinant of neighborhood choice, it is remarkable that income differentials do not play
a significant role in explaining the size of mover flows in Amsterdam. Although the
results between Amsterdam and The Hague are broadly comparable in terms of
the directions of all of the other effects, we find different effects for the economic
variables. Our data and analysis cannot provide a conclusive reason for these differences, but an explanation may be that the income distribution in a neighborhood
and the owner structure of the housing stock in that neighborhood are two sides
of the same coin. The owner structure of the housing stock influences the income
distribution. A neighborhood with owner-occupied housing will have a higher
average income than a neighborhood with rent-controlled housing. However, if
the owner structure of houses is used as a policy instrument to mix incomes within
neighborhoods, owner structure might surface as a more important determinant
for mover flows than income per se. This provides no explanation as to why mover
flows in The Hague are higher into neighborhoods with less social rent, while mover
flows in Amsterdam are higher into neighborhoods with more social rent and more
owner-occupied houses.
The friction measure of the share of children in a neighborhood is positive. This
indicates that the life-cycle related characteristics of neighborhoods are related to
the size of mover flows. Higher mover flows are observed into neighborhoods with a
higher share of children. Finally, the results for the friction measure of the diversity
index show that in both Amsterdam and The Hague mover flows are higher into
neighborhoods that are overall more diverse in terms of ethnic groups other than
the own. Mover flows of especially the Dutch and to a lesser extent Moroccans and
Turks are higher if the ethnic population composition in a neighborhood is more
diverse in terms of the other ethnic groups. The mover flows of Caribbeans are
higher into neighborhoods where the population composition in terms of other
ethnic groups is more homogeneous. This might indicate that neighborhoods with
higher shares of Dutch, which form the most homogeneous neighborhoods, are
attractive for Caribbean mover flows. However, the interpretation of these results
also depends on the results found for the friction measure of a specific ethnic group,
which we will discuss below.
The predicted mover flows over the distribution of the ethnic friction measures
are given in Figure 5.4. Using equation (5.9), Figure 5.4 is calculated with all other
variables as observed.18 We clearly find evidence for the hypotheses that, for all
18

The 10th to 90th percentiles of the distributions of the ethnic friction measures are used for this
calculation. The results are obtained using Stata’s post estimation margins command.
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Figure 5.4: Mean predicted mover flows with 95 percent confidence interval for Amsterdam (left) and The Hague (right)
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ethnic groups, the distance of the own ethnic group has an asymmetrical and
nonlinear correlation with mover flows of that ethnic group. From a gravity point
of view, the largest mover flows are expected to be centered around zero between
neighborhoods that are alike, i.e., over small ethnic distances. This results in a
concave relationship between the ethnic friction measure and the predicted flow.
Only for the Caribbeans in The Hague do we observe this concave relationship. A
convex relationship between the ethnic differentials and mover flows is apparent
for the other groups. All else being equal, the highest ethnic mover flow is predicted
into neighborhoods that has a much higher share of that ethnic group. In the
opposite direction, the ethnic mover flow is close to zero for that ethnic minority
group and relatively small for the Dutch, indicating ethnic drift and white flight
into neighborhoods with the own ethnicity.
In Amsterdam and The Hague, the predicted mover flow of Dutch into a neighborhood with a 20 percent larger share of Dutch residents is almost two times
higher than the flow into a neighborhood with a 20 percent smaller share of Dutch
residents. The mover flows of the ethnic minority groups in Amsterdam into a
neighborhood with a 20 percent larger share of these ethnic groups are four to
seven times higher than the ethnic flow of these groups into neighborhoods where
the share of that ethnic group is 20 percent smaller. In the Hague, this is two times
higher. The confidence intervals of the Moroccans and Turks overlap, indicating
that the found effects do not significantly differ between these groups. We thus find
that white flight and ethnic drift lead to clustering in neighborhoods with higher
shares of the peer group, but the ethnic drift of minority groups is stronger than the
white flight of the Dutch, specifically in Amsterdam. Given the number of Dutch
relative to the number of ethnic minorities, Dutch preferences will most likely
prevail in determining the overall diversity of neighborhoods. All other things being
equal, this points to the fact that ethnic clustering in neighborhoods in Amsterdam
and The Hague increases.
If we combine these results with the overall pattern that mover flows are higher
into more ethnically diverse neighborhoods, we thus find that ethnic drift leads to
clustering of ethnic groups into neighborhoods that are diverse in terms of other
ethnic groups. These results point to the described tendency of people to live in
neighborhoods where their own ethnic group is present, even if this group is not a
numerical majority in the neighborhood. However, we cannot test this hypothesis
within this analysis. The fact that we find this pattern for almost all groups indicates
that the composition of neighborhoods depends on ethnic preferences for the own
ethnic group relative to the presence of the other ethnic groups. However, as we
noted earlier, in a city with many minority groups, the relative clustering of groups
does not necessarily tell us anything about the overall neighborhood diversity or
segregation.
To determine whether the role of ethnic distance prevails over other explanations such as income, we look at the marginal effects of each variable at different
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values of the distribution while keeping all the other variables as observed.19 The
results for the marginal effects at different percentiles of the distribution of each
variable using equation (5.11) are given in Table 5.6. The 50th percentile is zero for
all variables measured as differences between the characteristics of neighborhoods.
Logically, it follows that the difference in the observed values of the 25th percentile
and the 75th percentile are mirrored values. The Dutch mover flow at the 25th
percentile is into neighborhoods with about 15 percent fewer Dutch residents that
the neighborhood that was left, and at the 75th percentile the flow is into neighborhoods with 15 percent more Dutch. For the covariates with positive coefficients,
the correlation with mover flows increases with distance in a positive direction, i.e.,
a positive difference between the neighborhoods of destination and origin. The
exact opposite is true for the covariates with negative coefficients.
Table 5.6 shows that distance is in general the most important factor explaining
the size of mover flows both in Amsterdam and the Hague. For neighborhoods in
Amsterdam that are about 1.4 kilometers apart (the 5th percentile), a one-kilometer
increase in distance between neighborhoods is associated with a decrease in the
expected size of the mover flows between these neighborhoods of 3.2, which is
more than half the standard deviation of the total mover flow. For The Hague, the
effect of distance is in general lower; for neighborhoods that are 1.3 kilometers
apart, an increase in distance of one kilometer is associated with a decrease in the
size of the mover flow of about 2.2, or almost two-thirds of the standard deviation
of the total mover flow.
The marginal effects of the ethnic presence are substantial too. A 10 percent
increase in the friction measure of the share of Dutch between neighborhoods that
have the same share of Dutch (the 50th percentile) increases the Dutch mover flow
by 2.5 for both Amsterdam and The Hague. For Caribbeans, a 10 percent increase
in the difference of the share of Caribbeans between neighborhoods with the same
share increases mover flows by 2 in Amsterdam and by 0.66 in The Hague. For
Moroccans and Turks, this increase is lower. The size of the marginal effects for the
diversity index is substantial for the Dutch, especially in Amsterdam.
The growth of the housing stock has a constant effect for both Amsterdam
and The Hague. This indicates that, irrespective of the extent of the increase
in the number of houses in a neighborhood, the incoming mover flow increases
proportionally, as is expected if the housing market is in equilibrium and the market
clears. The importance of the share of children for explaining the size of mover
flows increases substantially for flows into neighborhoods that have relatively high
shares of children. If the difference in the share of children increases by 10 percent
for neighborhoods that have a difference in this variable at the 75th percentile,
mover flows increase by about 2 for Amsterdam and 1 for The Hague. In The
Hague, an increase in the income difference by e1000 for neighborhoods that
have an income difference of about e5000, decreases mover flows by 0.117. For
social rent in Amsterdam, an increase in the share of social rent by 10 percent for
19

The results are obtained using Stata’s post estimation margins command.
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Table 5.6: Marginal effects of the negative binomial regression results at percentilesa
Amsterdam
5%

25%

50%

75%

95%

∆s
Dutch
Caribbeans
Moroccan
Turks

−4.837
0.746∗∗∗
0.257∗∗∗
0.417∗∗∗

−0.715
1.385∗∗∗
0.633∗∗∗
0.812∗∗∗

2.450∗∗∗
2.026∗∗∗
0.813∗∗∗
0.951∗∗∗

8.012∗∗∗
3.032∗∗∗
0.955∗∗∗
1.075∗∗∗

32.518∗∗
6.504∗∗∗
0.986
1.319

∆H
Dutch
Caribbeans
Moroccan
Turks

2.412∗∗∗
−0.201∗∗∗
0.038∗
0.022

2.901∗∗∗
−0.176∗∗∗
0.040∗
0.023

3.130∗∗∗
−0.160∗∗∗
0.041
0.024

3.378∗∗∗
−0.145∗∗∗
0.043
0.025

4.063∗∗∗
−0.127∗∗∗
0.045
0.026

Distance (km)
No. dwellings (×100)
Housing stock growth j
Mean income (×e1000)
Share social rent
Share owner occupied
Share Children

−3.234∗∗∗
0.007∗∗∗
0.089∗∗∗
−0.017
0.438∗∗∗
0.265∗∗∗
1.179∗∗∗

−2.502∗∗∗
0.044∗∗∗
0.089∗∗∗
−0.017
0.672∗∗∗
0.316∗∗∗
1.508∗∗∗

−1.903∗∗∗
0.050∗∗∗
0.089∗∗∗
−0.017
0.936∗∗∗
0.344∗∗∗
1.809∗∗∗

−1.263∗∗∗
0.056∗∗∗
0.090∗∗∗
−0.016
1.304∗∗∗
0.373∗∗∗
2.171∗∗∗

−0.417∗∗∗
0.359∗∗∗
0.111∗∗∗
−0.016
2.000∗∗∗
0.446∗∗∗
2.777∗∗∗

The Hague
5%

25%

50%

75%

95%

∆s
Dutch
Caribbeans
Moroccans
Turks

−3.369∗∗
0.588∗∗∗
0.170∗∗∗
0.110∗∗∗

0.354
0.965∗∗∗
0.332∗∗∗
0.327∗∗∗

2.763∗∗∗
0.661∗∗∗
0.378∗∗∗
0.363∗∗∗

7.329∗∗∗
−0.056
0.422∗∗∗
0.400∗∗∗

37.108∗∗
−0.956∗∗∗
0.542
0.790

∆H
Dutch
Caribbeans
Moroccan
Turks

0.719∗∗∗
−0.046∗
0.034∗∗∗
0.049∗∗∗

0.778∗∗∗
−0.043∗∗
0.040∗∗∗
0.061∗∗∗

0.814∗∗∗
−0.041∗∗
0.046∗∗∗
0.072∗∗∗

0.852
−0.040∗∗
0.053∗∗∗
0.085∗∗∗

0.922∗∗∗
−0.037∗∗
0.064∗∗∗
0.106∗∗∗

Distance (km)
No. dwellings (×100)
Housing stock growth j
Mean income (×e1000)
Share social rent
Share owner occupied
Share Children

−2.230∗∗∗
0.008∗∗∗
0.025∗∗∗
−0.156∗∗∗
−0.071∗∗∗
0.029
0.481∗∗∗

−1.483∗∗∗
0.010∗∗∗
0.025∗∗∗
−0.117∗∗∗
−0.065∗∗∗
0.030
0.638∗∗∗

−0.997∗∗∗
0.011∗∗∗
0.025∗∗∗
−0.097∗∗∗
−0.062∗∗∗
0.031
0.761∗∗∗

−0.608∗∗∗
0.011∗∗∗
0.025∗∗∗
−0.081∗∗∗
−0.059∗∗∗
0.032
0.907∗∗∗

−0.242∗∗∗
0.015∗∗∗
0.025∗∗∗
−0.060∗∗∗
−0.054∗∗∗
0.033
1.203∗∗∗

Data source: GBA, SSB and Housing Register of Statistics Netherlands.
The statistical significance of marginal effects is indicated with ***, **, and * for the 0.01, 0.05, and 0.1 significance levels,
respectively, and calculated using the variance-matrix of Huber-White robust standard errors from the regression results
presented in Table 5.5. Unit changes in x are 0.1 for the unscaled variables measured as shares, and 1 otherwise.

a
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neighborhoods that have a difference in the share of social rent of about 22 percent
increases mover flows by 1.3. Overall, the marginal effects of ethnic distance and
physical distance on estimated mover flows are the largest. Differences between
neighborhoods in the share of an ethnic group are more important for the size of
mover flows than the distance in ethnic diversity, although the latter is strong for
the Dutch in particular.
Given the role of income in location patterns in general and the differences in
income per capita between the different ethnic groups, we further explore the role
of income in determining the size of mover flows by performing two robustness
checks. The relationship between income and mover flows might not be homogeneous, but differ between ethnic groups. We have estimated the base regression
including heterogeneous effects of income frictions for the ethnic groups. However,
there are no differences between ethnic groups in the correlation between income
distance and mover flows, and the estimated results for ethnic distance do not
change.
Additionally, it can be argued that the role of the ethnicity in influencing the
size of mover flows differs between people of different income strata. For example, high-income Turks or Moroccans might move into neighborhoods with more
high-income Turks and Moroccans and away from their low-income peers. Distinguishing between the mover flows of high- and low-income ethnic groups does not
change our base results, and we do not find significant differences between high- or
low-income ethnic groups and the role of the ethnic distance in influencing ethnic
mover flows.20 One potential caveat of these results is that the number of non-zero
flows becomes very low for some income groups when we divide the ethnic mover
flows into high- and low-income groups.21
As mentioned above, homeowner composition relates to economic characteristics, and from Table 5.6 it can be seen that the role of available housing, either
owner-occupied or social rent and the composition of both types, is much more
important than income differences for the size of mover flows in Amsterdam, while
the effect of especially owner-occupied housing is insignificant for The Hague.
To test the robustness of our econometric specification, we estimate the gravity model with a ZINB regression. We assume that the zero-generating process
is explained by the same covariates as the non-zero-generating process, i.e., the
covariates in the NB regression. Because we run the risk of overspecifying the ZINB
by including ethnic fixed effects and the ethnic and diversity friction measures
for each ethnic group, we estimate the ZINB with only ethnic fixed effects and
20

We have estimated equation (5.7) for the mover flows of each ethnic group divided into higher
income (≥e40,000 household income per year) and lower income (<e40,000 household income
per year) groups. The results show no statistically significant differences between the high- and
low-income groups of each ethnic group and the size of mover flows. Results are available upon
request.
21
This is also the reason we cannot analyze potential differences in the effect of ethnicity on the size
of ethnic mover flows between first- and second-generation immigrants, although this question is
viable. There are simply not enough adult second-generation immigrants in our sample.
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homogeneous ethnic and diversity friction measures. The results from the base
specification are robust against the ZINB specification because the Poisson estimation given in Tables A.5.1 and A.5.2 in the appendix is not generally different from
the results in Table 5.5.22 The binary logit regression shows that the probability of
a zero count increases when the specific ethnic population share is low and if the
ethnic distance for that specific ethnic group is large.
The analysis so far ignores intra-neighborhood mover flows. It can be argued
that the underlying mechanisms from those of inter-neighborhood flows are different because these moves cannot be motivated by relative neighborhood characteristics and should therefore not be included in the analysis. However, LeSage and Pace
(2008) provide a submodel for including the so-called diagonal flows. The results of
equation (5.4), which include intra-neighborhood flows, are given in Tables A.5.3
and A.5.4 in the appendix. Including the intra-neighborhood mover flows does
not influence our results regarding the inter-neighborhood mover flows. For the
intra-neighborhood flows, the measured differences are zero by definition, while
the neighborhood stock values of the covariates used for the intra-neighborhood
flows are included. The presence of the own ethnic group does not play a role in
intra-neighborhood moves for the Dutch, Moroccans, and Turks, both in Amsterdam and in The Hague. The results for Caribbeans shows that mover flows within
the same neighborhood are lower if the share of Caribbeans in that neighborhood
is higher. We find the opposite effects for the control variables between the interand intra-neighborhood flows, which is not surprising because the factors that
induce moving within the same neighborhood will probably counteract the factors
that inducec moving out of that neighborhood.

5.5 Conclusion
In this chapter, we have studied the role of ethnicity in neighborhood formation
in Amsterdam and The Hague. The underlying mechanisms for neighborhood
formation and change in Amsterdam and The Hague are significantly impacted by
the preferences of different ethnic groups for residing near their own ethnic group.
In combination with physical distance and life-cycle choices, the association between ethnicity and the size of mover flows between neighborhoods is apparent.
The role of income is much less apparent, and the average income in a neighborhood is related to the owner structure of the housing stock, which is the result
of housing market policies. The clustering of ethnic minority groups is stronger
than the flight into white neighborhoods by the Dutch, but the preferences of the
22

Although a Vuong test of the ZINB against the NB regression shows that the ZINB would be
preferred, we consider the NB regression to be the preferred model. Our zero-generating process
is easily observable from the data, in that the only cause of a zero-flow with probability 1 is the
absence of a specific ethnic group in the neighborhood of origin. So as to preserve data, these flows
are included.
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Dutch are dominant because they are by and large the majority group. Combined
with the finding that ethnic mover flows are larger into diverse neighborhoods,
there seems to be a preference for living with the own ethnic group in an otherwise
diverse neighborhood. A generalization of our results would indicate that ethnic
groups prefer some level of local dominance, even though not all ethnic groups can
enjoy numerical superiority (Schelling, 1971). However, the link between individual
preferences for an individual’s ethnic group and the resulting ethnic composition
of neighborhoods is not straightforward, especially in cities that have many ethnic
groups, in which diversity and ethnic clustering are not mutually exclusive.
Future research can be focused on furthering insights into neighborhood tipping in Amsterdam and The Hague. Schelling (1971) developed a model that
explains how individual sorting in the housing market leads to aggregate neighborhood dynamics. This type of model is applied by Card et al. (2008) in a dynamic
model of neighborhood tipping in which there is a white flight from neighborhoods
when the share of whites in neighborhoods drops below a threshold value. An application of this type of model then needs to take into account that tipping points
for, for example, the Dutch might depend on the overall share of the Dutch vis-à-vis
all other ethnic groups, or only depend on the share compared to specific ethnic
groups.
The analysis in this chapter contributes to the existing literature by structurally
incorporating the concept that relocation patterns are based on relative neighborhood characteristics. This is a potentially important factor for place-based
policies. It is well described in the research that the relatedness between neighborhoods impacts mover flows and thus neighborhood dynamics. For instance, it
has been shown that in the Netherlands locally designed urban renewal projects
in low-income or deprived neighborhoods compete for higher income natives
with newly constructed suburbs and so called ‘new towns’ that are planned at the
national level (Bolt et al., 2008; Bolt and van Kempen, 2010; Boschman et al., 2013).
If the characteristics of a neighborhood are changed exogeneously by, for example,
housing policies, and if these neighborhoods disproportionally attract Dutch, these
neighborhoods can become less attractive for an other ethnic group, not because of
the Dutch per se, but because of the low diversity of the neighborhood’s population
or the low share of that other ethnic group.
Because we believe comparative neighborhood characteristics determine neighborhood dynamics, much ground can be gained by translating the analysis of mover
flows into actual neighborhood dynamics. This requires research on long-term
neighborhood change and the role of socioeconomic distance between neighborhoods. A dynamic model of neighborhood change would need to incorporate the
interplay of preferences of minority versus majority ethnic groups in a more structural way than we have done in the analysis in this chapter. Such a model can show
whether misalignments of the preferences of different ethnic groups for the ethnic
compositions of neighborhoods exist. The equilibrium of neighborhood composition, then, also depends on the development of the economic position of ethnic
minority groups (Ihlanfeldt and Scafidi, 2002; Krysan and Farley, 2002; Vigdor, 2003;
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Saiz and Wachter, 2011; Ioannides and Zabel, 2008). Bayer et al. (2014), for example,
show that the relationship between segregation and income inequality in cities
is likely to be negative in the US. If more blacks move into the middle-income
strata, more black middle-income neighborhoods will arise as blacks’ preferences
for those neighborhoods prevail over white middle-income neighborhoods.
We have performed our analysis at the neighborhood level, which can be argued
to be too aggregate to correctly identify the processes of clustering and diversity if
neighborhoods consist of a couple of thousand dwellings. The clustering of ethnic
groups at much lower scales, such as at the block level, will provide better insight
into the clustering patterns of ethnic groups and the persistence of these patterns
(Vigdor, 2003). An analysis at a lower spatial scale should also put emphasis on
spatial dependency and the correlation between different house blocks which are,
especially when owner-occupied and social housing blocks are located in close
proximity, interesting for housing policies.

Appendix 5.1
In this Appendix, the tables are given with the regression results of the robustness
checks that are described in Section 5.4. Tables A.5.1 and A.5.2 contain the results
of a zero-inflated negative binomial model of the base specification. Tables A.5.3
and A.5.4 include the diagonal flows within neighborhoods.
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Table A.5.1: Zero-inflated negative binomial regression results for Amsterdama
Negative Binomial estimation
coef.

Binary logit estimation

st. err.

coef.

st. err.

−0.134∗∗∗
−0.215∗∗∗
−0.225∗∗∗
−0.065

0.039
0.042
0.056
0.065

0.692∗∗∗
0.430∗∗
1.298∗∗∗
1.974∗∗∗

0.248
0.188
0.196
0.209

3.143∗∗
5.812∗∗∗
3.316∗∗∗
6.257∗∗∗

0.341
0.866
1.009
1.969

−2.932∗∗∗

0.404

−2.229∗∗
6.028∗∗∗
8.424∗∗∗
8.828∗∗∗

0.323
0.751
0.926
1.750

1.622∗∗
7.606∗∗∗
4.609
6.849

0.749
2.531
3.639
11.879

3.461∗∗

0.941

2
Dutch ∆s +
Caribbeans
Moroccans
Turks

2.755∗∗∗
−0.856
−20.448∗∗∗
−28.867∗∗∗

0.668
2.009
3.687
11.247

Dutch ∆H
Caribbeans
Moroccans
Turks

0.938∗∗∗
−0.579∗∗∗
0.225
0.141

0.296
0.122
0.166
0.199

Dutch
Caribbeans
Moroccans
Turks
Dutch ∆s − / ∆s
Caribbeans
Moroccans
Turks
Dutch ∆s +
Caribbeans
Moroccans
Turks
2
Dutch ∆s −
/ ∆s 2
Caribbeans
Moroccans
Turks

S i (× 100)
Distance (km)
No. dwellings (×100)
Housing stock increase j
Mean income (×e1000)
Share social rent
Share owner occupied
Share children
Constant
Observations
Nonzero observations
Zero observations
Pseudo log-likelihood
αb
Vuong test z c
Wald testd χ266
a

∗∗∗

−0.127
0.004∗∗∗
0.130∗∗∗
−0.010∗∗∗
0.655∗∗∗
0.669∗∗∗
3.235∗∗∗
−2.300∗∗∗
48,510
23,660
24,850
–82504.98
0.952 ∗∗∗
21.90 ∗∗∗
20358.98 ∗∗∗

0.003
0.000
0.006
0.003
0.070
0.082
0.198
0.084

−0.507

0.483

−0.037∗∗∗
0.054∗∗∗
−0.006∗∗∗
−0.360∗∗∗
−0.024
−9.030∗∗∗
0.511
1.534∗
−4.598∗∗∗

0.006
0.008
0.000
0.028
0.016
0.431
0.392
0.912
0.276

0.014

Huber-White robust standard errors are reported. The statistical significance of coefficients is
indicated by ***, **, and * for the 0.01, 0.05, and 0.1 significance levels, respectively. All variables are
measured as a friction between the neighborhood of destination j and the neighborhood of origin
i , unless explicitly stated otherwise. An ethnic rest-group, as well as neighborhood of origin and
destination dummies are included in the estimation but the estimated coefficients are not reported
here. The population at risk (exposure variable) is included in the estimation.
b
The significance of α is based on a χ2 likelihood-ratio test for overdispersion estimated on a
model with non-robust standard errors with the null hypothesis being that the model is Poisson,
corresponding to H0 : α = 1.
c
To test the zero-inflated negative binomial against the ordinary negative binomial model a Vuong
test is performed on a model with non-robust standard errors with the null hypothesis that the
expected probability of y i | x i is the same for both models.
d
The Wald-test is a full-model test of joint significance of all coefficients, with the null hypothesis
being that all coefficients are equal to zero.
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Table A.5.2: Zero-inflated negative binomial regression results for The Haguea
Negative Binomial estimation
coef.

Binary logit estimation

st. err.

coef.

st. err.

Dutch
Caribbeans
Moroccans
Turks

0.060
0.283∗∗∗
0.069
0.223∗∗∗

0.043
0.048
0.061
0.063

0.450∗∗
0.375∗∗∗
0.797∗∗∗
1.245∗∗∗

0.197
0.141
0.167
0.170

Dutch ∆s − / ∆s
Caribbeans
Moroccans
Turks

4.255∗∗∗
2.825∗∗∗
3.371∗∗
3.502∗∗∗

0.289
0.892
1.417
1.204

−2.016∗∗∗

0.413

Dutch ∆s + / ∆s
Caribbeans
Moroccans
Turks

−1.299∗∗∗
3.664∗∗∗
9.908∗∗∗
4.926∗∗∗

0.257
0.912
1.489
1.280

2
Dutch ∆s −
/ ∆s 2
Caribbeans
Moroccans
Turks

0.570
−13.800∗∗∗
−1.318∗∗∗
2.064

0.525
4.249
6.398
4.532

−1.340∗

0.938

2
Dutch ∆s +
Caribbeans
Moroccans
Turks

1.520∗∗∗
−19.209∗∗∗
−29.369∗∗∗
−10.324∗∗

0.416
4.308
6.746
4.990

Dutch ∆H
Caribbeans
Moroccans
Turks

1.080∗∗∗
0.176
0.946∗∗∗
1.150∗∗∗

0.238
0.133
0.171
0.167

0.065

0.373

−0.069∗∗∗
0.149∗∗∗
−0.008∗∗∗
−11.219∗∗∗
0.320∗∗∗
3.396∗∗∗
6.269∗∗∗
−0.350
−4.329∗∗∗

0.006
0.015
0.000
0.742
0.011
0.318
0.458
0.658
0.182

S i (× 100)
Distance (km)
No. dwellings (×100)
Housing stock increase j
Mean income (×e1000)
Share social rent
Share owner occupied
Share children
Constant
Observations
Nonzero observations
Zero observations
Pseudo log-likelihood
αb
Vuong test z c
Wald testd χ264
a

∗∗∗

−0.226
0.003∗∗∗
0.078∗∗∗
−0.002
−0.062
0.454∗∗∗
2.785∗∗∗
−5.093∗∗∗

63,280
21,824
41,456
–75582.07
0.986 ∗∗∗
27.20 ∗∗∗
20037.18 ∗∗∗

0.004
0.000
0.004
0.003
0.075
0.094
0.163
0.066

0.015

Huber-White robust standard errors are reported. The statistical significance of coefficients is
indicated by ***, **, and * for the 0.01, 0.05, and 0.1 significance levels, respectively. All variables are
measured as a friction between the neighborhood of destination j and the neighborhood of origin
i , unless explicitly stated otherwise. An ethnic rest-group, as well as neighborhood of origin and
destination dummies are included in the estimation but the estimated coefficients are not reported
here. The population at risk (exposure variable) is included in the estimation.
b
The significance of α is based on a χ2 likelihood-ratio test for overdispersion estimated on a
model with non-robust standard errors with the null hypothesis being that the model is Poisson,
corresponding to H0 : α = 1.
c
To test the zero-inflated negative binomial against the ordinary negative binomial model a Vuong
test is performed on a model with non-robust standard errors with the null hypothesis that the
expected probability of y i | x i is the same for both models.
d
The Wald-test is a full-model test of joint significance of all coefficients, with the null hypothesis
being that all coefficients are equal to zero.
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Table A.5.3: Negative binomial regression results Amsterdam including diagonal
flowsa
Inter-neighborhood flows
coef.

Intra-neighborhood flows

st. err.

coef.

st. err.

−0.132∗∗∗
−0.250∗∗∗
−0.372∗∗∗
−0.272∗∗∗

0.039
0.042
0.054
0.062

1.545
3.155∗∗∗
2.998∗∗∗
3.135∗∗∗

4.075
0.531
0.598
0.840

3.538∗∗∗
6.884∗∗∗
3.101∗∗∗
6.144∗∗∗

0.338
0.807
0.967
1.816

Dutch ∆s +
Caribbeans
Moroccans
Turks

−1.592∗∗∗
5.173∗∗∗
9.022∗∗∗
9.830∗∗∗

0.316
0.778
0.907
1.740

2
Dutch ∆s −
/ ∆s i2 b
Caribbeans
Moroccans
Turks

1.985∗∗∗
10.040∗∗∗
1.523
−1.650

0.732
2.294
3.495
10.609

2
Dutch ∆s +
Caribbeans
Moroccans
Turks

0.871
1.369
−23.291∗∗∗
−34.710∗∗∗

0.628
2.120
3.646
11.271

Dutch ∆H
Caribbeans
Moroccans
Turks

1.819∗∗∗
−0.634∗∗
0.245∗
0.214

2.990
0.113
0.146
0.169

Distance (km)
No. dwellings (×100)
Housing stock increase
Mean income (×e1000)
Share social rent
Share owner occupied
Share children
Constant

−0.130∗∗∗
0.004∗∗∗
0.161∗∗∗
−0.003
1.510∗∗∗
0.608∗∗∗
3.184∗∗∗
−2.111∗∗∗

0.003
0.000
0.007
0.002
0.054
0.070
0.193
0.083

Dutch
Caribbeans
Moroccans
Turks
Dutch ∆s − / ∆s i b
Caribbeans
Moroccans
Turks

Observations
Pseudo log-likelihood
αc
Wald testd χ292
a

49005
–85837.036
1.117∗∗∗
41299.19∗∗∗

5.319
−6.376∗∗
1.962
−2.349

4.274
2.963
2.384
4.667

−4.037
16.139∗∗
1.013
21.118

2.933
6.648
7.624
21.252

0.486
0.875
0.319
0.705

5.687
0.554
0.637
0.959

−0.002∗∗∗
0.140∗∗∗
−0.028∗
−1.105∗∗∗
−0.918∗
−0.658

0.000
0.020
0.015
0.357
0.489
1.033

0.015

Huber-White robust standard errors are reported. The statistical significance of coefficients is
indicated by ***, **, and * for the 0.01, 0.05, and 0.1 significance levels, respectively. All variables are
measured as a friction between the neighborhood of destination j and the neighborhood of origin
i , unless explicitly stated otherwise. An ethnic rest-group, as well as neighborhood of origin and
destination dummies are included in the estimation but the estimated coefficients are not reported
here. The population at risk (exposure variable) is included in the estimation.
b
The variables for the intra-neighborhood flows are not estimated as differences between neighborhood i and j , but as stock variables of the neighborhood. For the intra-neighborhood flows, ∆s i
and ∆s i2 are estimated.
c
The significance of α is based on a χ2 likelihood-ratio test for overdispersion estimated on a
model with non-robust standard errors with the null hypothesis being that the model is Poisson,
corresponding to H0 : α = 1.
d
The Wald-test is a full-model test of joint significance of all coefficients, with the null hypothesis
being that all coefficients are equal to zero.
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Table A.5.4: Negative binomial regression results The Hague including diagonal
flowsa
Inter-neighborhood flows
coef.

st. err.

Intra-neighborhood flows
coef.

st. err.

0.122∗∗∗
0.202∗∗∗
−0.054
−0.012

0.045
0.049
0.060
0.060

−1.837
4.080∗∗∗
4.186∗∗∗
5.114∗∗∗

1.396
0.741
0.793
0.830

4.820∗∗∗
2.475∗∗∗
5.030∗∗∗
3.871∗∗∗

0.298
0.887
1.390
1.191

1.301
−12.932∗∗∗
−2.953
0.169

1.972
3.988
9.865
5.786

−1.293∗∗∗
4.480∗∗∗
9.437∗∗∗
6.634∗∗∗

0.263
0.933
1.457
1.285

2
Dutch ∆s −
/ ∆s i2 b
Caribbeans
Moroccans
Turks

0.401
−21.952∗∗∗
2.378
2.302

0.552
4.091
6.170
4.369

0.155
26.120∗∗
3.029
−0.557

2.010
12.429
30.491
14.978

2
Dutch ∆s +
Caribbeans
Moroccans
Turks

1.589∗∗∗
−24.374∗∗∗
−30.086∗∗∗
−15.977∗∗∗

0.419
4.483
6.736
5.110

Dutch∆H
Caribbeans
Moroccans
Turks

1.005∗∗∗
−0.270∗∗
0.821∗∗∗
1.005∗∗∗

0.236
0.125
0.163
0.155

5.629∗∗∗
1.388
−0.233
−1.686

1.748
0.956
1.504
1.171

Distance (km)
No. dwellings (×100)
Housing stock increase j
Mean income (×e1000)
Share social rent
Share owner occupied
Share children
Constant

−0.234∗∗∗
0.003∗∗∗
0.095∗∗∗
−0.035∗∗∗
−0.229∗∗∗
0.110
2.781∗∗∗
−5.169∗∗∗

0.004
0.000
0.004
0.002
0.072
0.087
0.154
0.065

−0.003∗∗
0.117∗∗∗
−0.027∗∗
−2.220∗∗∗
−2.124∗∗
0.980

0.000
0.036
0.013
0.441
0.595
0.838

Dutch
Caribbeans
Moroccans
Turks
Dutch ∆s − / ∆s i b
Caribbeans
Moroccans
Turks
Dutch ∆s +
Caribbeans
Moroccans
Turks

Observations
Pseudo log-likelihood
αc
Wald testd χ290
a

63845
–79239.037
1.234∗∗∗
32242.42∗∗∗

0.017

Huber-White robust standard errors are reported. The statistical significance of coefficients is
indicated by ***, **, and * for the 0.01, 0.05, and 0.1 significance levels, respectively. All variables are
measured as a friction between the neighborhood of destination j and the neighborhood of origin
i , unless explicitly stated otherwise. An ethnic rest-group, as well as neighborhood of origin and
destination dummies are included in the estimation but the estimated coefficients are not reported
here. The population at risk (exposure variable) is included in the estimation.
b
The variables for the intra-neighborhood flows are not estimated as differences between neighborhood i and j , but as stock variables of the neighborhood. For the intra-neighborhood flows, ∆s i
and ∆s i2 are estimated.
c
The significance of α is based on a χ2 likelihood-ratio test for overdispersion estimated on a
model with non-robust standard errors with the null hypothesis being that the model is Poisson,
corresponding to H0 : α = 1.
d
The Wald-test is a full-model test of joint significance of all coefficients, with the null hypothesis
being that all coefficients are equal to zero.
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CHAPTER

Conclusion
6.1 Immigrants, Diversity and Urban Externalities
Cities are diverse in terms of firms and companies, the products that can be consumed, the architecture of the buildings, and the people living there. Over 40
years ago, Jane Jacobs argued that cities thrive when there is social and economic
diversity (Jacobs, 1961, 1969). She explained that if heterogeneous people and
activities are geographically clustered, exchanges of ideas from one firm or industry
to another are likely to result, leading to new insights, ideas, and innovations. These
agglomeration externalities lead to higher levels of productivity and higher wages in
cities, making cities attractive work locations (see, for example, Glaeser et al., 1992;
De Groot et al., 2015). Cities are similarly efficient in offering consumer amenities
(Christaller, 1933). Because of the large size of cities, it is relatively easy for them to
provide the infrastructure for public goods such as parks and other amenities like
sports stadiums, music halls, theaters, and museums. Relatively recently there has
been a growing interest in understanding the ways immigrants contribute to the
heterogeneity of cities in the way that Jane Jacobs described (Ottaviano and Peri,
2005, 2006).
One prominent feature of many large cities is the presence of immigrants. In
2015, around 50 percent of the population of Amsterdam, Rotterdam, and The
Hague, the three largest cities in the Netherlands, consists of either first- or secondgeneration immigrants.1 In 2011, around 37 percent of the populations of both
New York City and London were foreign-born. Foreign migrants contribute to the
growing diversity in cities in different ways. As employees of firms, they increase
the diversity of the labor force, and as consumers and producers they add to the differentiation of products. The effects of ethnic diversity on labor market outcomes
1

These numbers are taken from CBS Statline.
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and the returns on living and consuming in ethnically diverse cities are not immediately obvious. There is no consensus on whether ethnic diversity affects economic
productivity and on the utility derived from immigrant-induced amenities, such as
ethnic shops or restaurants.
There is ample evidence that culture affects beliefs and values (Guiso et al.,
2006). Ottaviano and Peri (2005, 2006) are among the first to show that cities in
the United States economically benefit from cultural diversity. Wages and rents are
higher in cities that have experienced an increase in ethnic diversity since 1970.
There is also evidence from Europe that regions with a higher population diversity
in terms of nationality are more innovative (Ozgen et al., 2010). Möhlmann and
Bakens (2015) show that the mechanisms by which diversity affects productivity and innovation, such as matching in labor markets or exchange of ideas and
information, are more likely to materialize at the city level than within firms in
the Netherlands. For Germany, however, Trax et al. (2015) find that diversity at
the plant level increases firms’ productivity. The effects that have been found in
several studies, however, are relatively small compared to other mechanisms that
determine wages, unemployment levels, and the like. Similar to the supply-side
effect of immigrants on the labor market (Borjas, 1989; Card, 1990; Borjas, 1995,
2014; Card and Peri, 2016), the effect of ethnic diversity strongly depends on local
labor market institutions and on the skill levels of immigrants. Recent experimental
research from Levine et al. (2014) shows that diversity within teams can increase
efficiency if diversity leads to more critical assessments of colleagues’ work.
In different research areas in economics, it is hypothesized that consumers
value product heterogeneity. Glaeser et al. (2001) argue that the heterogeneity of
consumer goods plays a role in the attractiveness of cities, and a similar assumption
leads to the ‘love of variety’ perspective in Dixit and Stiglitz (1977). The value of
(heterogeneous) amenities also helps explain the high house prices in amenityrich cities. Land prices in Amsterdam are 200 times higher than in the rural areas
of the Netherlands (De Groot et al., 2010). This is partly because of the size and
composition of the labor market in Amsterdam, but also because Amsterdam is
considered to be a vibrant, amenity-rich place to live. Each of these two explanations accounts for about one-third of the price difference between Amsterdam and
a relatively poor and isolated rural area, such as East Groningen in the north of the
Netherlands.
Areas with many immigrants tend to have consumer products that are linked
to the ethnic backgrounds of these immigrants, such as the products available in
supermarkets, restaurants, and clothing stores. This type of international consumer
environment is characteristic of large cities. Many cities have a Little Italy and a
Chinatown along with American retail chains and upscale international designer
stores. Although research shows that there is a relationship between the presence
of immigrants and the type of products that are offered locally, there is very little
research into the utility that is derived from immigrant-induced product diversity
(Waldfogel, 2008; Mazzolari and Neumark, 2012).
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In this dissertation, we bring together these strands of research and investigate
the effect of ethnic diversity on the urban economy. We build this dissertation
around four research questions. The first two questions allow us to focus on the
broader picture of the regional labor and housing market to describe the effects of
ethnic diversity and immigrants on productivity and utility. The final two questions
focus on local, intra-city neighborhoods, housing markets, and residential location
choice to analyze the economic value of immigrant-induced consumer amenities
and the role of ethnicity in the sorting of the population across neighborhoods in
cities.

6.2 Economic Impacts of Ethnic Diversity
In Chapter 2, we answer the question of the economic impact of ethnic diversity on
productivity and utility in the Netherlands. Because we are interested in whether
cities that are more diverse show better economic performance, we take into account that the population (and sector) composition of one city can be substantially
different from that of another city. This is because individuals (and firms) are not
randomly allocated between different areas in a country. More highly educated
workers, for example, tend to live in larger cities. This process of spatial sorting
results in individuals with specific characteristics working and living in cities with
specific characteristics. Sorting also applies to the location behavior of immigrants.
While about 50 percent of the population in the largest cities of the Netherlands
are either first- or second-generation immigrants, this is only the case for 21.7
percent of the population in the Netherlands as a whole. This indicates an extreme
sorting of immigrants toward the largest cities, which is not a situation unique to
the Netherlands.
By using the longitudinal micro-data of individuals in the Netherlands, we
follow homeowners in the labor and housing markets. This allows us to build
on the work of Ottaviano and Peri (2006) and control for spatial sorting based
on the individual observed and unobserved characteristics of these homeowners.
Micro-data for workers are provided by Statistics Netherlands2 and are combined
with house transaction data from the Dutch Association of Real Estate Agencies
(NVM) to identify location choice and house prices. Our approach improves on the
seminal papers by Ottaviano and Peri (2005, 2006), in which the effect of ethnic
diversity on wages and rents in US cities is investigated without controlling for
sorting. We find that the sorting of individuals indeed explains a substantial part of
wage and house prices differentials across cities in the Netherlands.
Like Ottaviano and Peri (2006), we find that wages are higher in Dutch cities
with a higher ethnic diversity. We find that ethnic diversity has a negative effect
2

We use individual demographic data, including the country of birth of the individual and the
country of birth of her parents, from the municipality registers (administrative municipality data
from the GBA-dataset), and income and firm data (Sociaal Statistisch Bestand (SSB) and Algemeen
Bedrijven Register (ABR) data sets).
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on house prices, which is a different result to the findings of Ottaviano and Peri
(2006). Although the Netherlands and the US are not fully comparable, much of
our results depend on city size, and the positive and negative effects of ethnic diversity seem to be more apparent for large cities. The relationships between ethnic
diversity and wages and between ethnic diversity and house prices show a complex
interdependency with other city characteristics. Failing to control for important
labor and housing market characteristics related to the presence of immigrants
and ethnic diversity affects the results, especially in the housing market. Including immigrant-induced amenities, as measured by restaurant diversity, shows a
positive and statistically significant effect on house prices in the largest cities in
the Netherlands. Controlling for the quality of living in a city, which encompasses
factors such as poverty, deprivation, house quality, and inequality, substantially
decreases the size of the negative effect of ethnic diversity on house prices.
Nevertheless, after including these controls population diversity still has a small
negative effect on house prices. This can be explained in different ways. One of
the explanations is that predominantly native, homogeneous neighborhoods may
be more attractive than heterogeneous ones (Krysan and Farley, 2002; Saiz and
Wachter, 2011). As Saiz and Wachter (2011) point out, this is not necessarily related
to foreignness per se, but can also be due to the socioeconomic status of many
immigrants, of which the impact on a neighborhood is not fully captured in the
data we use. However, the observed negative effect of ethnic diversity on house
prices may be the result of discrimination in the housing market (Galster, 1991).
Another explanation for the remaining negative effect of population diversity on
house prices can be the composition of our sample, in which natives, who prefer to
live among people who are like themselves, predominate (Bayer et al., 2014).

6.3 Heterogeneous Individuals
To answer the first research question, we control for the sorting of individuals
across cities. Our results show that sorting based on individuals’ observed and
unobserved characteristics explains a large part of the wage differences between
cities in the Netherlands, as was also shown for France by Combes et al. (2008). In
the third chapter, we further explore the sorting process. We answer the question
of the extent to which the economic valuation of immigrants and ethnic diversity
is heterogeneous across individuals. Individuals differ in such characteristics as
their age, education level, and sector of employment, but also in their residential
preferences. These differences are important for explaining individual behavior
as well as the economic performance of the cities in which these individuals live
(see, for example, Glaeser and Mare, 2001; Glaeser and Resseger, 2010; Baum-Snow
et al., 2014; De La Roca and Puga, 2016).
Because individuals are different, it is not likely that everyone derives the same
utility from immigrant-induced amenities and enjoys the same productivity effects
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from ethnic diversity. Identifying the differences in effects between individuals
shows the expediency of using average effects, as in, for example, Chapter 2. We
implement a latent class model approach, in which we allow individuals to be
divided into groups based on their observed characteristics and their choice of
labor and residential location. Very few studies are able to implement heterogeneity
in effects because the data needed to identify differences between individuals are
not available.
We estimate behavior in the labor and housing markets simultaneously following Roback (1988). The essence of the model suggested by Roback (1982, 1988)
is a regional equilibrium, in which all individuals are equally well off. Because
regions are different in terms of the endowment of amenities, obtaining equilibrium requires adjustments in wages and house prices depending on whether local
amenities are productive or amenable. The presence of immigrants and ethnic
diversity can be considered a regional amenity. The estimation strategy in this
chapter incorporates the fact that utility and productivity effects (measured as
wages), which are translated into house prices, are interrelated. Each worker makes
a joint decision regarding where to work and where to live.
In Chapter 3, we find that for most individuals in our data, a joint interpretation
of the labor and housing market effects suggests that the presence of immigrants
has a statistically significantly positive productivity effect. This result implies a
trade-off mechanism in which people are willing to accept higher house prices in
cities with a higher shares of immigrants because productivity and therefore wages
are also higher in those cities. A back-of-the-envelop calculation of the implicit
price of the presence of immigrants shows that most people in our data set would
be willing to pay one to two percent of their yearly income to reduce the share of
immigrants in the city where they live. If workers can choose to work in a different
city than where they live, this trade-off might be easier to accomplish at the cost
of commuting. We find descriptive evidence that this commuting patterns exists
in the Netherlands and that this leads to spatial sorting patterns. These sorting
patterns can be described based on education and preferences related to income,
which in turn translate into house prices. Only for a small group in the data do the
results indicate that the presence of immigrants and immigrant-induced consumer
goods has a statistically significant positive utility effect.

6.4 Living Apart Together
The analysis of the joint effect of immigrant-induced amenities on wages and house
prices calls for a more detailed picture of this effect at the local level. In Chapter 4,
we shift our focus towards the differences between neighborhoods within cities to
answer the question of the economic value of the presence of immigrants in Amsterdam. In Chapters 2 and 3, we stress the importance of evaluating the utility and
productivity effects of immigrants and ethnic diversity in an interrelated regional
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labor and housing market. When we are interested in intra-city effects, we assume
that the labor market does not differ across neighborhoods within a city so that
we can focus on the utility effects only (which are measured through the housing
market).
If city dwellers enjoy a large, heterogeneous selection of urban amenities, there
might be a role for immigrants in contributing to this diversity (Waldfogel, 2008;
Mazzolari and Neumark, 2012; Schiff, 2015). One way to measure this contribution is by looking into the accessibility and heterogeneity of ethnic restaurants.
Immigrant-induced consumer goods may have a positive effect on utility, but the
presence of many immigrants in a neighborhood is generally correlated with lower
evaluations of that neighborhood. We hypothesize that there is a trade-off between
the utility derived from the presence of immigrants in neighborhoods, and the
access to an immigrant-induced consumer goods.
We use all restaurants in Amsterdam and deduce the ethnicity of their cuisine based on the firm data from the municipality of Amsterdam (provided by the
Department of Research, Information, and Statistics (OIS) of the Municipality of
Amsterdam). Because we know the exact location of these amenities and the exact
location of houses from the NVM data set, we are able to construct a data set that
shows the location of ethnic amenities in relation to house prices. Because we
tend to observe certain aspects in tandem, it is difficult to distinguish the effect
of the presence of immigrants on, for example, house prices from the other observable and particularly unobservable characteristics of a local area. In these
circumstances, it is difficult to convincingly argue that causality runs from immigrant density to house prices. Because the micro-data set we use includes many
of the individual characteristics of a dwelling and its surroundings, we implement
the econometric technique of propensity score matching. Matching compares the
prices of houses for which the local environments differ in terms of immigrant population and immigrant-induced amenities, controlling for all the other observable
aspects for which the houses are different. We empirically implement a rather new
generalization of the standard propensity score matching by estimating the joint
effect of the immigrant population and immigrant-induced amenities on house
prices. Using this multiple continuous treatment approach, the trade-off between
living and consuming in areas with high levels of immigrants can be estimated.
We indeed find such a trade-off in Amsterdam. We find affirmative evidence
for the positive effect of immigrant-induced amenities on house prices, as is hypothesized in work by Ottaviano and Peri (2005, 2006). As was expected, a higher
density of immigrants in a neighborhood has a negative effect on house prices in
Amsterdam. Glaeser et al. (2001) state that cities are attractive because they offer a
high number of amenities. The negative effect of immigrants in a neighborhood
can be compensated by access to ethnic restaurants. The effect of the access to
ethnic restaurants on house prices is much stronger than that of the diversity of
ethnic restaurants, although higher levels of restaurant diversity have a positive
effect on house prices as well. The compensating effect of the access to ethnic
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restaurants on the presence of immigrants diminishes if the immigrant population
is very diverse.

6.5 Neighborhood Relocation and Ethnicity
From Chapters 2, 3, and 4 it is clear that as far as residential location is concerned,
there is a consistent tendency for house prices to be lower in neighborhoods with
many (diverse) immigrants. In Chapter 5, we answer the question of the importance
of ethnic neighborhood composition in spatial sorting of the population across
neighborhoods. There is a long tradition in the social sciences of research on ethnic
neighborhood segregation (see, for example, Schelling, 1971; Clark, 1986; Massey
and Denton, 1987, 1988). Within the context of this dissertation, it is important
to examine the role that preferences for specific neighborhoods play in sorting
because the tendency for similar people to cluster in specific areas is a phenomenon
observed in many different contexts.
We use the full municipality registration to build a data set that contains all
relocations within the cities of The Hague and Amsterdam. This data set has the
advantage that we can use the information on the characteristics of the neighborhoods that residents both leave and move into to build a gravity model of
neighborhood relocations. Gravity models are often used to describe trade or migration flows at aggregate spatial levels, but they are seldom used to describe local
mover flows. The data allow us to explore the ethnic connectedness, or the ethnic
barriers to mover flows, between neighborhoods across a single city because the
decision to relocate within a city is based on relative neighborhood characteristics.
The gravity analysis of mover flows in Amsterdam and The Hague shows that
mover flows of an ethnic group are higher into neighborhoods that have a higher
share of that ethnic group than the neighborhood of origin. This suggests a geographical clustering of ethnic groups, and this effect is rather significant compared
to other factors that might impact relocations. These findings are in line with
research conducted in the US that shows that people of the same ethnic group
have a tendency to cluster (Krysan and Farley, 2002; Saiz and Wachter, 2011; Bayer
et al., 2014). The underlying cause is not only the similar socioeconomic position
of people within an ethnic group, but also the preference of members of an ethnic
group for other people of the same ethnic group. Compared to, for example, cities
in the US, Amsterdam and The Hague have many small ethnic minority groups
rather than a few large groups. Hence it is difficult to predict whether the observed
patterns lead to segregation, à la Schelling (1971), because diversity and ethnic
clustering are not mutually exclusive in this setting. We also find that, given the
presence of a specific ethnic group, a higher ethnic diversity in neighborhoods in
terms of all the other ethnic groups is a pull factor for mover flows.
The strength of this analysis is that a city’s neighborhoods are considered to be
part of a system or network in which residents consider the comparative characteristics of a neighborhood. This is a fairly realistic setup because residents will
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compare different neighborhoods in a city when making a decision to relocate. The
relative attractiveness of neighborhoods in such a system is likely to be impacted
by, for example, urban renewal projects in deprived neighborhoods that change the
ethnic composition of a neighborhood. If the characteristics of a neighborhood are
changed exogenously, by, for example, housing policies, and these neighborhoods
disproportionally attract Dutch residents, these neighborhoods can become less
attractive for other ethnic groups, not because of the Dutch per se, but because of
the low level of diversity of the neighborhood population or the low share of those
specific ethnic groups.

6.6 Social Relevance and Future Research
The research questions discussed above provide new insights into the effects of
ethnic diversity on the utility and productivity associated with living and working
in areas with immigrants. Throughout this dissertation, we find that ethnic diversity has statistically significant effects, both positive and negative, on economic
outcomes. Although the research in this dissertation does not focus on policies
and yielding policy recommendations is beyond the scope of this dissertation,
our results offer a relevant contribution to the ongoing social discussions about
several of the main topics we cover. Using the results from the research in this
dissertation, we may put the discussion on some relevant issues into perspective,
which is of importance, for example, for the current political climate in Europe
related to immigration.
Our results confirm that there is no one-size-fits-all answer to the question of
the effect of ethnic diversity and the presence of immigrants on economic outcomes. This is a rather obvious statement, but it is often overlooked in debates on
immigration and in discussions about the (un)desirability of ethnic neighborhood
segregation and sorting. The effects we find in our research typically depend on the
characteristics and institutions that shape local labor and housing markets and the
characteristics of workers and residents, including immigrants, in these markets.
Ethnic diversity, for example, is predominantly an issue that is relevant in large
cities. In large cities with a larger immigrant stock, an increase in the number of
immigrants will impact labor and housing markets through an increase in diversity.
In smaller cities, an increase in immigrants is predominantly established as a level
effect. As we describe above, outcomes differ between both cases.
The heterogeneity in the results presented in this dissertation may be underestimated. One source of heterogeneity that can influence the differences in effects of
ethnic diversity on economic outcomes that we do not account for in this dissertation is that of homeowners versus (social) renters. Using homeowners in economic
analyses has the advantage that house prices reflect the willingness to pay for the
characteristics of a dwelling and its local environment which incorporates the
effects of ethnic diversity on utility. This type of analysis is not feasible for workers
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and consumers in the Dutch rent-controlled market because these rents do not
reflect the market price for the location of the dwelling. The resulting selection bias
leads to research results that apply to homeowners who on average have higher
incomes, are higher educated, tend to have different preferences, and have different
types of jobs in different sectors than renters in social housing. Evidently, including
the workers and consumers of the social rent market would increase insights into
the described mechanisms and is a challenge for future research.
At the level of regional labor and housing markets, the effects of ethnic diversity
and the presence of immigrants are, by and large, rather small in comparison to
the other factors that impact these regional markets. The skill composition of the
labor force, the density of the job market, the presence of consumer amenities, and
sorting explain a much larger part of regional differences in house prices or wages.
The role of ethnic diversity and the presence of immigrants becomes much more
relevant if we focus on location decisions within cities.
The presence of immigrants has a persistent negative effect on house prices.
Even if we control for other local characteristics and income levels, there remains a
small negative effect in all of the research presented in this dissertation. There are
two lines of argument to explain these findings at the neighborhood level, both of
which need to be taken into account when considering neighborhood dynamics.
First, although omitted variable bias in the estimations may explain part of the
remaining negative effect, discrimination might also play a role. More research
needs to be aimed at explaining the persistent negative effect of immigrants on
house prices at the neighborhood level.
The other line of argument is that of sorting. One’s own ethnicity in relation
to the ethnic composition of one’s neighborhood plays a non-negligible role in
sorting across neighborhoods. This means that, controlling for economic factors,
we observe substantial spatial sorting based on the presence of particular ethnic
groups in neighborhoods. This is often overlooked in debates on the negative
consequences of segregation and is likely to become more important with the
growing number of ethnic groups in many Dutch cities. Bayer et al. (2014), for
example, show that segregation is likely to increase in the US when socioeconomic
inequalities between ethnic groups decrease. Ethnic minority groups may prefer
to cluster as well in more affluent neighborhoods. If ethnic sorting is strong, a
more relevant question is whether, in the context of the Netherlands, policies to
intervene in this rather strong sorting mechanism are effective and optimal (Bakens
et al., 2014). At this point, concerns over the negative externalities of the clustering
of poverty, which is often related to the clustering of ethnic minority groups, are
relevant and important too. A related question concerns the overall connectedness
of neighborhoods within cities. What level of spatial sorting or mixing is optimal
from a social welfare point of view, given the need for both the bonding and bridging
of ethnic groups (Neal and Watling Neal, 2014)? These are very relevant research
questions that remain unanswered.
In addition to the distribution of ethnic groups across a city’s neighborhoods,
the urban fabric of residential areas and commercial areas is obviously impor-
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6. Conclusion

tant for the utility of city dwellers. We find a trade-off between cities’ residential
and commercial functions, which shows that attractive neighborhoods are homogeneous in terms of population composition, but also have access to diverse
consumer goods. Whether these results hold for different kinds of cities across
different countries is something that remains to be seen from future research, as
are the social costs of the incompatibility of these functions within neighborhoods.
Understanding how the physical as well as the socioeconomic and the demographic
internal structure of cities contributes to economic growth and social welfare of
cities is and will remain an important topic for future research on the economics of
cities.
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Samenvatting
(summary in Dutch)

In de jaren zestig van de vorige eeuw merkte Jane Jacobs op dat steden gedijen
door sociale en economische diversiteit. In haar invloedrijke boeken The Death
and Life of Great American Cities en The Economy of Cities beschrijft ze het succes en falen van steden in Amerika. Een van de belangrijkste bijdragen van het
werk van Jacobs is haar denken over synergie-effecten in steden. Als mensen en
bedrijven geografisch geconcentreerd zijn, vindt er een uitwisseling van uiteenlopende ideeën plaats, hetgeen leidt tot nieuwe inzichten en innovaties, en uiteindelijk tot economisch vitale en succesvolle steden. Ruim veertig jaar later, is er
in de economische wetenschap nog steeds discussie over de rol van diversiteit en
synergie-effecten in de economische ontwikkeling van steden. De rol die immigranten spelen bij de totstandkoming van deze sociale en economische diversiteit,
en het effect hiervan op de economie, is een relatief nieuw onderwerp binnen de
economische literatuur.
Een opvallend kenmerk van veel grote steden is de aanwezigheid van grote
groepen immigranten. In 2015 bestond de bevolking van Amsterdam, Rotterdam,
en Den Haag voor ongeveer de helft uit eerste- en tweede-generatie immigranten.
Ook de bevolking van steden zoals New York en Londen bestaat voor meer dan
een derde uit mensen die in een ander land geboren zijn. Immigranten en hun
nazaten dragen dus bij aan specifiek soort diversiteit in een stad, namelijk de
etnische en culturele diversiteit. Immigranten maken deel uit van de economie
van een stad: hun kennis en vaardigheden beïnvloeden de kenmerken van de
lokale beroepsbevolking en de arbeidsmarkt, en als consumenten beïnvloeden zij
de lokale vraag naar, en het aanbod van, producten en diensten. Er is binnen de
economische wetenschap nog geen consensus over de effecten van deze diversiteit
op de stedelijke economie, zoals bijvoorbeeld op de productiviteit en de waardering
van steden als woonlocatie.
De agglomeratievoordelen van de geografische concentratie van bedrijven en
mensen in de ruimte maakt dat steden aantrekkelijke werklocaties zijn. Er is in
verschillende westerse landen onderzocht of steden met meer immigranten, of
een grotere etnische of culturele diversiteit, een hogere economische groei of productiviteit hebben als gevolg van synergie-effecten die ontstaan vanwege bevolkingsdiversiteit. Over het algemeen wordt gevonden dat dit het geval is, hoewel
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de resultaten sterk afhankelijk kunnen zijn van de lokale arbeidsmarktinstituties
en het kennisniveau van de immigranten. Het effect van bevolkingsdiversiteit op
verschillende arbeidsmarktindicatoren lijkt niet erg groot in vergelijking met de
effecten van andere arbeidsmarktkenmerken.
In de afgelopen jaren is de stad als woonlocatie (weer) in trek. Naast de toegang
tot banen, is dit voornamelijk het gevolg van de toegenomen waardering voor
stedelijke voorzieningen. De schaal van steden zorgt er voor dat diensten zoals
theaters en musea, maar ook infrastructuur voor vervoer en informatie technologie efficiënt aangeboden kunnen worden. Daarnaast ontstaat een uitgebreid en
divers aanbod van producten en diensten alleen daar waar de markt een voldoende
omvang heeft. Immigranten dragen bij aan de diversiteit van voorzieningen in steden. Grote, internationale, steden hebben vaak een China-Town, sushi restaurants,
Amerikaanse winkels, Turkse supermarkten en Italiaanse trattorias. Onderzoek laat
zien dat er inderdaad een verband is tussen de aanwezigheid van etnisch heterogene groepen immigranten en het lokale aanbod van producten en diensten. Er is
echter nog weinig bekend over de economische welvaart die ontleend wordt aan
deze door immigranten geïnduceerde productdiversiteit.
In dit proefschrift kijken we naar synergie-voordelen op de arbeidsmarkt, productdiversiteit, en de rol van etnische diversiteit op de woningmarkt om de economische effecten van immigranten en etnische diversiteit in steden te onderzoeken.
Dit wordt gedaan aan de hand van vier onderzoeksvragen. De eerste twee onderzoeksvragen schetsen een breder beeld van de regionale effecten van etnische
diversiteit en immigranten op productiviteit en de waardering van woonlocaties.
Er wordt gelijktijdig naar het effect op de arbeids- en woningmarkt gekeken omdat
de woon- en werklocatie op regionaal niveau een integrale, onderling afhankelijke,
keuze is die als zodanig benaderd dient te worden in onderzoek. De overige twee
vragen zijn gericht op het vaststellen van de rol van immigranten en etnische diversiteit op de waardering van woonlocaties binnen steden. Hierbij richten we ons
enerzijds op de mogelijke welvaart die ontleent kan worden aan etnische productdiversiteit, en anderszijds op de rol die de etniciteit speelt in locatiekeuzes binnen
steden.
In hoofdstuk 2 wordt de vraag beantwoord wat de economische invloed is van
etnische diversiteit op productiviteit en de waardering van woonlocaties in Nederland. We gebruiken inkomensdata van het Centraal Bureau voor de Statistiek
om productiviteit te meten en huisprijzen van de Nederlandse vereniging van
Makelaars (NVM) om de waardering van woonlocaties te meten. In het onderzoek
houden we rekening met het feit dat de bevolkings- en de bedrijfstakkensamenstelling van Nederlandse gemeentes niet willekeurig is. Ook de aanwezigheid van
immigranten in de verschillende gemeentes vertoont een bepaald patroon: de
bevolking van de grootste steden bestaat voor 50 procent uit immigranten, terwijl
het aandeel immigranten in de totale bevolking van Nederland ongeveer 22 procent
is.
Het mechanisme van ruimtelijk ‘uitsorteren’ verklaart een substantieel deel
van de verschillen in inkomen en huisprijzen tussen steden in Nederland: zo
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wonen er veel hoogopgeleiden met een relatief hoog inkomen in de grote steden
waar bepaalde sectoren, zoals zakelijke dienstverlening, oververtegenwoordigd
zijn. Na correctie voor dit ruimtelijke verdelingsproces vinden we dat inkomens
hoger, en huisprijzen lager zijn in steden met een grotere etnische diversiteit. Deze
effecten zijn prominenter voor grote steden dan voor kleine steden. Het gevonden
negatieve effect van etnische diversiteit op huisprijzen kan voor een groot deel,
maar niet volledig, verklaard worden door de kwaliteit van de leefomgeving (zoals,
bijvoorbeeld, armoede, ongelijkheid, en criminaliteit).
In hoofdstuk 3 wordt nader ingegaan op het hierboven beschreven sorteerproces en wordt de vraag beantwoord in hoeverre de economische waarde van
immigranten en etnische diversiteit heterogeen is tussen verschillende individuen.
Individuen verschillen van elkaar in termen van leeftijd, opleidingsniveau, de bedrijfstak waarin ze werken, en de woonlocatie. Deze en andere, niet direct observeerbare, individuele kenmerken bepalen individueel gedrag. Door deze verschillen is
het niet aannemelijk dat iedereen evenveel economische waarde ontleent aan de
aanwezigheid van immigranten en etnische diversiteit.
Het is niet ex ante duidelijk op basis van welke individuele kenmerken onderscheid in het effect van immigranten en etnische diversiteit kan worden gemaakt.
Daarom gebruiken we een econometrisch model waarin vier groepen worden geïdentificeerd op basis van observeerbare individuele kenmerken. Dit model houdt
ook rekening met het feit dat de keuze voor de woon- en werklocatie van individuen
een gerelateerde keuze is, en dat het effect van immigranten en etnische diversiteit
de vorm van een afruil kan krijgen.
Voor de meeste individuen heeft de aanwezigheid van immigranten een statistisch significant positief effect op de productiviteit. Dit betekent dat deze mensen
bereid zijn om in een stad te wonen met hogere huisprijzen omdat de productiviteit en daardoor ook de lonen hoger zijn in de stad. Dit is een ander effect dan
bijvoorbeeld de bereidheid om meer voor een woning te betalen in een stad met
meer immigranten omdat de stad door de aanwezigheid van immigranten (en
dus diversiteit) een aantrekkelijkere woonlocatie is. Dit laatste effect vinden we
alleen voor een kleine groep individuen. Ex post analyses van de kenmerken van
de individuen uit verschillende groepen laten zien dat er voornamelijk verschillen
zijn tussen de groepen naar inkomen en naar het gemiddelde opleidingsniveau, en
naar de woon- en werklocatie.
De analyses op regionaal niveau in hoofdstuk 2 en 3 laten zien dat de effecten
van immigranten en etnische diversiteit op de waardering van de woonlocatie
ook, of voornamelijk, afhankelijk is van de kenmerken van de buurt waarin de
woning zich bevindt. Zoals eerder betoogd, leidt de aanwezigheid van immigranten
niet alleen tot een diverse bevolkingssamentelling, maar ook tot een groter en
gevarieerder aanbod van etnische producten en diensten. In hoofdstuk 4 beantwoorden we de vraag wat de economische waarde is van de aanwezigheid van immigranten en etnische restaurants in Amsterdam. Zoals gebruikelijk in economisch
onderzoek, nemen we aan dat huisprijzen hoger zijn in buurten met veel etnische
restaurants als deze restaurants worden gezien als een positief kenmerk van de
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buurt, en dat huisprijzen lager zijn als dit wordt gezien als een negatief kenmerk
van de buurt. Daarbij gaan we uit van de hypothese dat de aanwezigheid van
immigranten leidt tot een negatieve waardering van de buurt, en de aanwezigheid
van etnische restaurants tot een positieve waardering, zodat er mogelijk een afruil
tussen beide effecten plaats zou kunnen vinden.
Omdat de prijs van een huis ook door allerlei andere buurtkenmerken wordt
bepaald, passen we een econometrische methode toe die het effect van immigranten en restaurants op de prijs van een huis isoleert van al deze andere effecten. Daarnaast kijken we met deze methode niet zozeer of de aanwezigheid of
afwezigheid van immigranten en restaurants een effect heeft, maar vooral wat de effecten op huisprijzen zijn van verschillende hoeveelheden immigranten en restaurants, en verschillende niveaus van diversiteit van restaurants en immigranten.
Naast de NVM-data over huisprijzen, gebruiken we restaurant- en bevolkingsdata van de afdeling Onderzoek, Informatie en Statistiek (OIS) van de gemeente
Amsterdam.
We vinden dat er in Amsterdam inderdaad een afruil tussen de aanwezigheid
van immigranten en de beschikbaarheid van etnische restaurants aanwezig is;
het negatieve effect van de aanwezigheid van immigranten op de huisprijs wordt
gecompenseerd door het positieve effect van etnische restaurants op de huisprijs.
We vinden dus empirisch bewijs voor de hypothese dat de door immigranten
voortgebrachte producten in een stad, de welvaart die ontleend wordt aan de
woonomgeving vergroten. De effecten van de aanwezigheid van etnische producten zijn groter dan de diversiteit van deze producten. We vinden ook dat deze
afruil voornamelijk plaatsvindt als de diversiteit van de immigranten gemiddeld of
laag is.
In de onderzoeken in hoofdstuk 2, 3 en 4 vinden we dat huisprijzen lager zijn in
buurten met veel immigranten, zelfs als we rekening houden met allerlei andere buurtenkenmerken. Daarom is de laatste onderzoeksvraag in dit proefschrift gericht
op het belang van de etnische samenstelling van een buurt voor verhuisbewegingen van verschillende etnische groepen. Het verkrijgen van inzicht in deze vraag
grijpt terug op het ruimtelijke sorteerproces van mensen, waarbij geografische
concentratie van mensen met soortgelijke kenmerken en preferenties vaak het
gevolg is.
In hoofdstuk 5 gebruiken we een graviteitsmodel – door de economische literatuur overgenomen uit de natuurkunde voor de analyse van handels- of migratiestromen – om verhuisstromen van de vier grootste etnische groepen binnen
Amsterdam en Den Haag te analyseren. Deze etnische groepen zijn inwoners
met een Nederlandse, Turkse, Marokkaanse, of Caraïbische achtergrond. Onze
analyse is er vooral op gericht om te kijken of verhuisstromen van een bepaalde
etnische groep groter zijn tussen buurten als het aandeel van de eigen etnische
groep in de buurt van bestemming groter is dan in de buurt van vertrek. Door
dit model te gebruiken, kunnen we modelleren dat de keuze voor een buurt in
een stad gebaseerd is op een afweging van kenmerken van de verschillende buurten. De relatieve aantrekkelijkheid van een buurt is een belangrijk gegeven
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omdat deze onbedoeld beïnvloed kan worden door beleidskeuzes, bijvoorbeeld
bij stadsvernieuwingsprojecten en de bouw van nieuwe buurten in aanliggende
gemeentes van bijvoorbeeld Amsterdam of Den Haag. Als stadsvernieuwing leidt
tot een veranderende bevolkingssamenstelling van een buurt, heeft dit in potentie
dus effecten op de aantrekkelijkheid van buurten in de hele stad.
De graviteitsanalyse laat zien dat de verhuisstroom van een etnische groep
tussen buurten in Amsterdam en Den Haag groter is als de relatieve omvang van de
etnische groep groter is in de buurt van bestemming dan in de buurt van vertrek.
Dit geldt voor alle vier groepen en suggereert dat er een proces van geografische
concentratie van etnische groepen plaatsvindt. Deze concentratie is bovendien
sterk in vergelijking met concentratietendensen op basis van andere factoren die
verhuisbewegingen verklaren. Omdat in zowel Amsterdam als Den Haag de groep
autochtone Nederlanders veruit de grootste etnische groep is, en de andere etnische
groepen relatief veel kleiner zijn, is het niet direct duidelijk of dit gevonden patroon leidt tot meer segregatie. Geografische concentratie van een van de kleinere
etnische groepen in een buurt leidt namelijk niet per se tot segregatie op buurt
niveau. Daarnaast blijkt uit onze analyse dat voor alle etnische groepen geldt dat
verhuisstromen groter zijn als de rest van de bevolking in de buurt van aankomst
bestaat uit verschillende etnische groepen, oftwel meer divers is.
Het onderzoek in dit proefschrift geeft nieuwe inzichten in de effecten van
immigranten en etnische diversiteit op de waardering van de woonomgeving en
productiviteit. Het gepresenteerde onderzoek is niet expliciet gericht op het verschaffen van beleidsevaluaties of beleidsadviezen, maar de resultaten bieden wel
een relevant kader om de maatschappelijke discussies over de verschillende onderwerpen in dit proefschrift in het juiste perspectief te plaatsen. Een van de belangrijkste conclusies uit dit proefschrift is dat het economische effect van etnische
diversiteit en immigranten niet onafhankelijk is van de kenmerken van individuen
en/of de specifieke regionale context. Dit wordt nog te vaak over het hoofd gezien
in discussies over immigratie en bijvoorbeeld de (on)wenselijkheid van etnische
segregatie of ruimtelijke sortering. De lokale kenmerken van de arbeids- en woningmarkt, evenals kenmerken van de immigranten, spelen hierbij een belangrijke
rol. Zo is het effect van een toename van immigranten in steden met een toch al
groot aandeel immigranten in de bevolking, voornamelijk zichtbaar in een toename
(of afname) van de etnische diversiteit, terwijl het voor steden met weinig immigranten voornamelijk zichtbaar is in een toename van het aandeel immigranten in
de bevolking. De effecten die een dergelijke toename teweeg brengen in de lokale
economie kunnen hierdoor verschillen.
We laten in dit proefschrift ook zien dat de gevonden effecten, voornamelijk op
regionaal niveau, relatief klein zijn in vergelijking met de effecten van andere kenmerken van de arbeids- en woningmarkt. De samenstelling en het opleidingsniveau
van de beroepsbevolking zijn bijvoorbeeld veel belangrijker in het verklaren van
verschillen in productiviteit. De aanwezigheid van stedelijke voorzieningen en
de toegang tot veel banen is bijvoorbeeld veel belangrijker in het verklaren van
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regionale verschillen in de aantrekkelijkheid van woonlocaties. De rol van immigranten en etnische diversiteit is relatief groter op de lokale woningmarkt. Op
de lokale woningmarkt is de ruimtelijke sortering op basis van preferenties van
verschillende groepen een redelijk sterke sturende kracht. Hierbij wordt in discussies over de samenstelling van buurten niet altijd rekening gehouden, terwijl
dit, met een groeiend aantal immigranten in Nederland, waarschijnlijk alleen maar
belangrijker zal worden in de toekomst.
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