
VU Research Portal

Impacts of immigration and cultural diversity on innovation and economic growth

Ozgen, C.

2013

document version
Publisher's PDF, also known as Version of record

Link to publication in VU Research Portal

citation for published version (APA)
Ozgen, C. (2013). Impacts of immigration and cultural diversity on innovation and economic growth. [PhD-Thesis
- Research and graduation internal, Vrije Universiteit Amsterdam]. Tinbergen Institute.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal ?

Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

E-mail address:
vuresearchportal.ub@vu.nl

Download date: 23. May. 2023

https://research.vu.nl/en/publications/e1491117-556a-49c2-917b-aa348e59898e


i 

 

  

 

 
 

 

 

 

 

 

 

IMPACTS OF IMMIGRATION AND CULTURAL DIVERSITY  

ON INNOVATION AND ECONOMIC GROWTH 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



ii 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ISBN 978 90 361 0366 4 

 

Cover design: Crasborn Graphic Desigerns bno, Valkenburg a.d. Geul 

 

This book is no. 565 of the Tinbergen Institute Research Series, established through cooperation 

between Thela Thesis and the Tinbergen Institute. A list of books which already appeared in the 

series can be found in the back. 

 

 

 

 

 

 

 

 

 



iii 

 

VRIJE UNIVERSITEIT 

 

 

 

 

IMPACTS OF IMMIGRATION AND CULTURAL DIVERSITY  

ON INNOVATION AND ECONOMIC GROWTH 

 

 

 

 

 

 

ACADEMISCH PROEFSCHRIFT 

 

ter verkrijging van de graad Doctor aan 

de Vrije Universiteit Amsterdam, 

op gezag van de rector magnificus 

prof.dr. F.A. van der Duyn Schouten, 

in het openbaar te verdedigen 

ten overstaan van de promotiecommissie 

van de Faculteit der Economische Wetenschappen en Bedrijfskunde 

op woensdag 25 september 2013 om 11.45 uur 

in de aula van de universiteit, 

De Boelelaan 1105 

 

 

 

 

 

 

 

 

 

door 

 

Ceren Ozgen 

 

geboren te Ankara, Turkije 

 

  



iv 

 

 

 

promotoren: prof.dr. P. Nijkamp 

prof.dr. H.J. Poot 

 

 

 

 
 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 
 



v 

 

Preface 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



vi 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



vii 

 

Contents 

Preface ........................................................................................................................................................ v 

List of Tables ............................................................................................................................................ ix 

List Of Figures ........................................................................................................................................... x 

1. Introduction ................................................................................................................................. 1 

1.1 Current trends in international migration ....................................................................................... 1 
1.1.1 A World of Migrants ........................................................................................................................ 1 

1.1.2 Background information on migration in Europe and the Netherlands ................. 2 

1.2 Economic theory of migration ............................................................................................................... 4 
1.3 Migration as a source of innovation.................................................................................................... 5 
1.4 Cultural diversity of international immigration: Definition, measurement, modelling7 
1.5 Data and empirical modelling issues .................................................................................................. 8 
1.6 Research questions .................................................................................................................................... 9 
1.7 Conceptual framework of the thesis ................................................................................................ 10 

2. The Effect of Migration on Income Growth and Convergence:                                                                       

Meta Analytic Evidence ............................................................................................................... 14 

2.1 Introduction................................................................................................................................................ 14 
2.2 Impact of Migration on Income Convergence: A Review........................................................ 15 
2.3 A Short Introduction to Meta-analysis: Analysis of Analyses ............................................... 19 

2.3.1 Methodology ................................................................................................................................... 19 
2.3.2 Meta-Regression Analysis ......................................................................................................... 21 

2.4 Primary Studies......................................................................................................................................... 23 
2.4.1 Selection of Primary Studies and Study Characteristics .............................................. 23 
2.4.2 Publication Bias ............................................................................................................................. 25 
2.4.3 Descriptive Statistics ................................................................................................................... 27 

2.5 Meta-regression Analysis ..................................................................................................................... 32 
2.6 Conclusion ................................................................................................................................................... 38 

3. Immigration and Innovation in European Regions .................................................... 40 

3.1 Introduction................................................................................................................................................ 40 
3.2 Channels of Influence of Immigration on Innovation .............................................................. 42 
3.3 Data and Measurement Issues ........................................................................................................... 45 
3.1 Methodology and Econometric Modelling .................................................................................... 49 
3.2 Descriptive Analysis ................................................................................................................................ 52 
3.3 Regression Results................................................................................................................................... 58 

3.3.1 Standard specifications .............................................................................................................. 58 
3.6.2 Controlling for potential endogeneity ................................................................................. 62 
3.6.3 Spatial econometric analysis ................................................................................................... 63 

3.4 Conclusion ................................................................................................................................................... 65 

4. The Impact of Cultural Diversity on Firm Innovation:                                                                       

Evidence from Dutch Micro-Data ............................................................................................. 67 

4.1 Introduction................................................................................................................................................ 67 
4.2 Theoretical Linkages between Immigration and Innovation ............................................... 69 
4.3 Empirical Strategy ................................................................................................................................... 72 
4.4 Description of the Constructed Dataset ......................................................................................... 75 
4.5 Results of Multivariate Regression Analysis ................................................................................ 79 
4.6 Conclusion ................................................................................................................................................... 86 



viii 

 

5.       Does Cultural Diversity in the Workplace Foster Innovation? 

          New Panel Data Evidence ............................................................................................. 92 

5.1  Introduction ................................................................................................................................................ 92 
5.2    Migrant Diversity and the Determinants of Innovation ........................................................... 94 
5.3    Specification of the Econometric Model .......................................................................................... 96 
5.4    Data and Construction of the Sample ............................................................................................. 100 
5.5    Results of the Regression Analysis .................................................................................................. 103 

5.5.1 All Firms..... .................................................................................................................................... 103 

5.5.2 Alternative Samples: Selected Group of Firms ............................................................. 107 

5.5.3 Robustness Checks .................................................................................................................... 109 

5.6 Conclusion ..................................................................................................................................................... 112 

6.  Sorting Out the Impact of Cultural Diversity on Innovative Firms:                                                                                    

An Empirical Analysis of Dutch Micro-Data ................................................................ 115 

6.1 Introduction............................................................................................................................................. 115 
6.2 Theoretical Background ..................................................................................................................... 117 
6.3 Methodology ............................................................................................................................................ 118 

6.3.1 Econometric Model ................................................................................................................... 120 
6.3.2 Measuring the Diversity of the Workforce ..................................................................... 121 

6.4 Data ............................................................................................................................................................. 123 
6.5 Findings ..................................................................................................................................................... 125 

6.5.1 Estimation Results ..................................................................................................................... 125 
6.5.2 Description of the Segments ................................................................................................. 129 

6.6 Conclusion ................................................................................................................................................ 132 
Appendix 6. A. Segmenting Firms with Finite Mixture Modelling ............................................... 133 

7. Does Past Experience and Past Exposure to Migrants Determine                                                

 Earnings Growth?  ................................................................................................................. 135 

7.1 Introduction............................................................................................................................................. 135 
7.2 Methodology and Estimation Strategy ........................................................................................ 137 
7.3 Description of the Data and Exposure Measures .................................................................... 139 
7.4 Estimation Results ................................................................................................................................ 141 
7.5 Conclusion ................................................................................................................................................ 142 

8. Conclusion ............................................................................................................................... 144 

8.1 Summary of the Findings ................................................................................................................... 144 
8.2 Positioning the Results within the International Migration Literature ........................ 146 
8.3 Policy Relevance .................................................................................................................................... 148 
8.4 Final Message and Future Research ............................................................................................. 149 

References ............................................................................................................................................ 151 

Samenvatting ....................................................................................................................................... 163 

 

 

 

 

 

 

 

 

 



ix 

 

List of Tables 

 

Table 2.1: Primary Studies used in the Meta-analysis 

Table 2.2: Descriptive Statistics for the Coefficient of Net Migration in Growth Regressions 

Table 2.3: Fixed and Random Effects Estimates 

Table 2.4: Meta-Regression Analysis of the Coefficient of Net Migration in Growth Regressions 

Table 2.5:Meta-Regression Analysis of the Difference in Beta Convergence between Growth Models with Net 

Migration and Without 

Table 3.1: The data used in the estimations 

Table 3.2: Descriptives – 170 NUTS 2 regions 

Table 3.3: Regions with the highest and lowest share of foreigners (shfor) in 2001 

Table 3.4: The most and least diverse regions with respect to the continental shares of foreigners (%) in 2001 

Table 3.5: Pooled OLS estimation with period data (1991-1995 and 2001-2005) 

Table 3.6: Sensitivity Checks1 

Table 3.7: Instrumental Variables Estimations1 

Table 3.8: Estimations of Spatial Effects 

Table 4.1: The Impacts of Immigration on Innovation: a Classification of Channels of Influence 

Table 4.2: Summary Statistics 

Table 4.3: Regression Analysis with the Full Sample  

Table 4.4: Estimations with the Full Sample; Testing Integration of Foreign Workers  

Table 4.5: Testing the Impact of Diversity on Innovativeness of Firms when Sectors Employing Predominantly 

Low-skilled Foreign Workers are Excluded  

Table 4.6: Instrumental Variables Estimations with the Full Sample 

Table 4.7:Instrumental Variables Estimations when Sectors Employing Predominantly Low-skilled Foreign 

Workers are Excluded 

Table 4.A.1: The description of the firm variables used in the estimations 

Table 5.1: Summary Statistics a 

Table 5.2: Mean Values of the Key Variables in 2002 and 2006 

Table 5.3: Logit Regression Models of Firm Innovation 

Table 5.4: Results for Sub-samples of Firms with International and Domestic Orientation1 

Table 5.5: Results for a Sub-sample of Firms in which Sectors with the Highest Share of Low-skilled Foreigners 

are Excluded 

Table 5.6: Results with Predetermined and Time-Invariant Diversity Measures 

Table 5.7: Instrumental Variables Estimations 

Table 5.8: A Summary of Results of the Random Effects Estimations 

Table 6.1: Descriptive statistics (N=2,664) 

Table 6.2: Summary statistics of the finite mixture modelling results 

Table 6.3: Results for product innovation and diversity 

Table 6.4: Location quotients of top 5 sectors in each segment 

Table 6.5: Firm size distribution for each segment 

Table 7.1: Summary Statistics 

Table 7.2: Distribution of past firm size exposure (in log) 

Table 7.3: Hourly Wage Growth and Sensitivity Analysis 

 

 

 



x 

 

 

List of Figures 

 

Figure 1.1: Motivations for immigration in the Netherlands 

Figure 1.2: The conceptual framework of the thesis. 

Figure 2.1: Funnel plot for publication bias in reported estimates of net migration rates in growth regressions 

Figure 2.2: Funnel plot for publication bias in reported estimates of the difference in beta convergence 

between including and excluding a net migration rate in growth regressions 

Figure 2.3: Quantile plot of the distribution of the coefficients of net migration rates in growth regressions 

Figure 2.4: Quantile plot of the difference in beta convergence in regressions without and with a net migration 

variable 

Figure 2.5: Scatter plot (and least squares regression line) of coefficients of the net migration rate and the 

corresponding difference in beta convergence in regressions without and with a net migration variable 

Figure 3.1: Distribution of patent applications across NUTS 2 regions, 1990-2007 

Figure 3.2: Distribution of the share of foreigners in Europe in 2001 

Figure 3.3: Scatter plot for patent applications per inhabitants vs share of foreigners in the regions in 1991 and 

2001 

Figure 3.4: Patent Applications by Regions in 2001 

Figure 3.5: Estimated effect sizes for diversity index (excluding natives) 

Figure 4.1: Histogram of the Firm Size Distribution 

Figure 4.2: Share of Foreign Born Employees in Total Employment by Region of Birth 

Figure 4.A.1: The description of data merging process 

Figure 5.1: Scatter Plot of the Number of Foreign Employees and Firm Size 

Figure 6.1: Rootograms of segments (with posterior probabilities larger than 0.0001) 

Figure 6.2: Employment-population ratio and the spatial distribution of firms by 3 segments at the NUTS 3 

level



1 

 

 

1. Introduction 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
1.1  Current trends in international migration 

 

 

1.1.1 A World of Migrants 
 

Migration is increasing in scale and complexity in many parts of the world. The global migration landscape 

is shaped by growing demographic disparities, technological improvements, new global and political 

changes, and social networks. The estimated number of international migrants (people living 

permanently or long-term outside their country of birth) worldwide is 214 million; in other words, 3.1 per 

cent of the world population. This means that one of out of every 33 persons in the world is a migrant 

(IOM, 2013)1. Moreover, accelerated by migration, in the 20th century, the global urban population grew 

from only 220 million to 2.8 billion (UNFPA, 2007), while the world population grew from 1.7 billion to 

about 6.8 billion (UN, 2009). The numbers are huge and the impact of such a volume of migration may be 

expected to be huge as well (Nijkamp and Poot, 2012).  

 

It is also crucial to understand the considerable impact of demographic, social, environmental, political 

and economic trends on the scale and patterns of migratory movements. However, it is not possible to 

achieve this without understanding the stimuli behind international migration decision. A long-term 

perspective to this most deliberate question, that is what kind of migrants are mobile across the world, 

would help both researchers and policy makers to understand the variation within the immigrant 

populations and their potential impacts. Further analysis of the migration statistics, indeed, proves the 

importance of contemplating the demographics of the immigrant population and the necessity of 

migration impact assessment studies. The UN informs us that today most migrants are young working age 

people, particularly those in and from the developing world.2 Moreover, migration patterns vary 

                                                           
1
 Source: http://www.iom.int/cms/en/sites/iom/home/about-migration/facts--figures-1.html, visited on 

27.Feb.2013.  
2 

Source:http://www.un.org/esa/population/publications/2011Migration_Chart/wallchart_2011.pdf, visited on 

27.Feb.2013. 
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substantially by gender, age groups, country of origin, as well as destination. For instance, a recent report 

from the OECD reveals that “On average, 10.8 per cent of the total population in the OECD was foreign-

born in 2005-06. (...) These recent immigrants, in 2000-2006, tend to be more diversified by country of 

origin, more highly educated, more concentrated in the most active working ages (25-49), and in some 

cases more feminized. The 15 most important countries of origin account for more than half of overall 

recent migration, but smaller countries of origin also make an important contribution, illustrating the 

diversity of migration sources to the OECD” (Widmaier and Dumont 2011, p.7).  

 

It is not only the characteristics of immigrants, but also the wide array of motivations for migration that 

generates large diversity among immigrants. Neoclassical economists explained migration as a factor 

movement based on the real wage differences between rich and poor countries, and viewed it as a 

mechanism of international factor price equalization. Today, however, the wage gap across the world is 

much larger than in the 1900s, and empirical evidence does not support the argument that migration 

reduces wage differentials (Ozgen et al., 2010a). Moreover, contrary to what the standard labour market 

model of immigration assumes migration dynamics may emerge instead of wage differentials from a 

search for a better quality of life, demographic responses to climate change, security concerns and 

political unrest. In addition, changing demand for certain occupations, technological change and the 

growing demand for basic non-traded services in the developed world seem to play a role in people’s 

movements. Therefore, mobility of people is not only a reaction to current economic conditions. Long-

term development and economic growth prospects of countries may also mobilize international flows of 

people.  

 

1.1.2 Background information on migration in Europe and the Netherlands 
 

In Europe migration patterns have been going through substantial changes since the 1980s. This change 

was not only stimulated by the important political re-divisions on the map of Europe, but also by the 

changing rules of the international economic relations and labour market conditions. The most striking 

patterns that altered the traditional trends is that European countries experienced a large low-skilled 

labour inflow through admittance of family reunification migrants, political refugees and ethnically 

privileged migrants (people who got preferential treatment based on their co-ethnic or religious 

backgrounds, e.g. Jews, Germans, Greeks, Hungarians). Moreover, irregular labour migration that 

originated from Poland, Moldavia, Ukraine and Albania – and that was triggered by the fall of the Iron 

Curtain, cheap transportation and emergence of informal labour markets in Western Europe in addition 

to an economic boom in Southern Europe – created a new surge of cheap labour supply in agriculture, 

construction and in the hospitality sector. In 1995-2008 about 3.5 million people received work and 

residence permits in Europe under these amnesty programs (Münz and Reiterer, 2007). Consequently, 

the labour demand of the host countries was influenced by globalization of the economies, technological 

developments, demographic transition, leisure preferences and also welfare provisions (Nonneman, 

2007). 

 

Between 2000 and 2006, the number of immigrants in Spain doubled, whereas the share of foreign-born 

among the total population increased by 46 per cent in Ireland, around 40 per cent in Finland and 37 per 



 

cent in Italy. In Germany, the Netherlands and France, the increase 

the lowest (below 15 per cent) over this period, reflecting the lower immigration flows in these countries 

over the period 2000-06 compared with previous periods. Therefore, in the new immigration destinations 

like Spain, Italy, Portugal, at least before the Global Financial Crisis, the share of young immigrants was 

about 4-5 percentage point higher than those in the Netherlands, Belgium and France (Widmaier and 

Dumont, 2011).  

 

In the Netherlands, international migration

picks up extensive coverage in the media, as it also does in many other developed countries of Western 

Europe. It is, however, in a way paradoxical to see whether, given the recent migration tre

this much attention. Obviously, the Netherlands did not maintain its fame as an immigrant receiving 

country, as it used to be in the post

decades, not only the volume of mi

composition has changed remarkably. For example, last year, Statistics Netherlands estimated that 160 

thousand immigrants came to the Netherlands, but 134 thousand people left the country to sett

elsewhere, indicating a positive balance of net migration of only 26 thousand. This was 7 thousand fewer 

than it was in 2010 due to the increased emigration in 2011.

terms of origin, but also their motivations 

migration patterns from a rather homogeneous group of immigrants from traditional colonies and 

contracted labour as ‘guest workers’ to more complex and diverse flows: mainly in the east

direction from Poland, Russia etc. in Europe for ‘seasonal workers’; as well as trans

highly-skilled workers from the developed countries of the EU27. However, in comparison to the past, it is 

much more difficult to generalize these pat
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 Source: http://www.cbs.nl/NR/rdonlyres/CBD1B3E8
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cent in Italy. In Germany, the Netherlands and France, the increase in the share of immigrants has been 

the lowest (below 15 per cent) over this period, reflecting the lower immigration flows in these countries 

06 compared with previous periods. Therefore, in the new immigration destinations 

, Italy, Portugal, at least before the Global Financial Crisis, the share of young immigrants was 

5 percentage point higher than those in the Netherlands, Belgium and France (Widmaier and 

In the Netherlands, international migration is one of the hottest topics on the government’s agenda, and 

picks up extensive coverage in the media, as it also does in many other developed countries of Western 

Europe. It is, however, in a way paradoxical to see whether, given the recent migration tre

this much attention. Obviously, the Netherlands did not maintain its fame as an immigrant receiving 

country, as it used to be in the post-WW II period and in much of its history. Moreover, in the last few 

decades, not only the volume of migration, but also its demographic, socio-economic and ethnic 

composition has changed remarkably. For example, last year, Statistics Netherlands estimated that 160 

thousand immigrants came to the Netherlands, but 134 thousand people left the country to sett

elsewhere, indicating a positive balance of net migration of only 26 thousand. This was 7 thousand fewer 

than it was in 2010 due to the increased emigration in 2011.3 Not only the composition of immigrants in 

terms of origin, but also their motivations have altered over time. There is clearly a shift in international 

migration patterns from a rather homogeneous group of immigrants from traditional colonies and 

contracted labour as ‘guest workers’ to more complex and diverse flows: mainly in the east

direction from Poland, Russia etc. in Europe for ‘seasonal workers’; as well as trans-

skilled workers from the developed countries of the EU27. However, in comparison to the past, it is 

much more difficult to generalize these patterns.  
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Moreover, today’s migration patterns in the Netherlands are not much driven by the scale, but more by 

the composition of the migration. Indeed, a recent study from Statistics Netherlands shows that country 

of origin appears as a kind of an identifier for sectors that immigrants sort into, and the type of 

employment that immigrants hold (CBS, 2011). The report indicates that 21 per cent of Americans, 54 per 

cent of Japanese and 26 per cent of Chinese work for firms that are from their native countries. 

Moreover, the daily median wages that immigrants earn differ from 428 to 61 Euros based on their 

country of origin. The EU27 nationals are mostly active in the Trade and Repair sector, while Non-EU 

nationals are more prominent in the so-called HORECA (hospitality) sector. Figure 1.1 shows how 

motivations of international immigrants drastically shifted even within the last decade. Thus, even these 

crude measures suggest strongly that it is important to focus on the compositional aspects of 

international migration to understand and benefit from this pervasive global phenomenon.   

 

 

1.2  Economic theory of migration 
 

Early models of economic growth did not consider migration beyond incorporating it as the economic 

factor mobility resulting from spatial factor price differentials. Hence, the mainstream public and policy 

discourses on migration, especially in the developed world, were predominantly shaped by restrictive and 

adverse policies (PEW, 2007), which led to undesirable consequences for internationally mobile people as 

well as potential employers (Jasso, 2011; Kerr and Lincoln, 2010). Today, as knowledge on effects of 

immigration improves, migration policies are increasingly influenced by scientific evidence rather than by 

common public perceptions (see Zaiceva and Zimmermann, 2008).  

 

More recent models of the economics of international migration enhance our understanding through 

emphasizing the size, scale, diversity, technology and consumption impacts (see Nijkamp and Poot, 2012, 

for an extensive review). With the increasing availability of micro-data and geo-spatial data, another 

improvement with respect to empirical modelling of migration is going beyond the broad area 

approaches (e.g. country, state level or city studies) to focusing on more refined geographical levels or to 

the micro level of the individual at which  immigrants are modelled as a part of production functions. The 

classical and modern models of factor endowments discuss the distributional effects of immigrants on 

native wages, as well as how an economy benefits from immigration to the extent that immigrants are 

substitutes or complements to native workers. Monopolistic competition models introduce the ‘variety’ 

concept in terms of ‘productivity’ or ‘consumption’ that the immigrants may bring and the way in which 

they are ‘sorted’ accordingly in an economy. Thus, immigrants are no longer viewed as a group of 

homogenous and mobile labour, but they can change/influence the composition of economic sectors and 

establish their own enterprises and/or product and service varieties. As a result, the extent of the 

benefits that the host economy gets from all this depends on how different the immigrants themselves 

are as labour inputs and how differentiated the goods and services are that they produce.  

 

Another group of models that break away from the conventional Harrod-Domar and Solow growth 

models are recent models of technological progress. They tend to see immigrants as a resource which 

thinks, creates and develops new technologies, innovates and applies new methods and procedures 
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(Bodvarsson and van den Berg, 2009). This means that the newcomers are not just an undistinguished 

part of other productive resources, but they are themselves potentials for innovative and creative ideas. 

This strand of the literature explains the various mechanisms through which people’s mobility should 

affect technological advancement in sending and host countries. The most obvious ones can be listed as 

follows: firstly, through migration people carry ideas and knowledge that are exclusive to them or that 

they acquired during the stages of educational attainment; therefore they facilitate technology transfer. 

Secondly, the selective nature of migration is likely to mobilize more entrepreneurial and innovative 

workers. Third, by purely increasing the size of the economy, they mobilize the technological progress in 

the host countries. Finally, they add to the innovative competition, thus challenge the vested interests 

that tend to slow down the innovative processes. The following section focuses on the first and the 

second channel, and describes how immigration may possibly lead to innovations.4   

 

 

1.3 Migration as a source of innovation 

 

Although comments on creative and innovative contributions based on the arrival of people are not new 

(William Petty, a social scientist, wrote that (1682)  “... it is more likely that one ingenious curious man 

may rather be found among 4 million than among 400 persons”, as quoted in Bodvarsson and van den 

Berg (2009), p. 232), economic models integrating this aspect of immigrants are relatively recent. 

Schumpeterian models clearly incorporated the abovementioned roles of immigrants into models of 

economic growth. This group of models saw monopoly profits, as a necessary incentive to innovate. From 

this perspective the economy’s pace of technological growth is assumed to be dependent on 

entrepreneurs and inventors’ incentives, and how far they are able to execute their creative and 

destructive power. 

 

The international migration literature suggests that, because the migration process itself is tedious and 

risky with unknowns but largely based on expected income and better life quality motivations, the people 

who have more courage would take this step. Consequently, the migration process provides a natural 

selection process through which more entrepreneurial and higher ability people with strong incentives 

move. In addition to their personal motivations immigrants are also believed to bring in unique ideas 

from abroad, therefore allow host countries to learn from diverse knowledge bases. Immigrants, by this 

way, are likely to reduce the cost of innovation by expanding and the amount of innovative and 

productive resources in an economy. 

 

The endogenous growth models by Romer (1990), Grossman and Helpman (1991) and Aghion and Howitt 

(1992) have been built around the Schumpeterian perspective on technological progress, but with some 

subtle differences. One common feature of these models and their successors is that they shifted the 

focus from unskilled migration to migration more broadly, especially in urban areas (e.g. Glaeser and 

Maré, 2001), and also to high-skilled mobility. The literature has already documented that high-skilled 

                                                           
4
 Many handbook chapters provide detailed theoretical overviews of migration theory and impacts of immigration. 

Since the thesis focuses on a very specific stream of migration literature, this section does not provide a broad 

overview of the entire literature on migration and its impacts.  
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immigrants have important analytical and innovative skills; are predominantly in science and engineering 

fields; and have a tendency to cluster in innovative sectors (Saxenian, 1999; Hunt and Gauthier-Loiselle, 

2010). Developed countries like Australia, Canada, and the US adopted skill-biased migration policies and 

attracted a sizeable number of international brains.5 For example, during the 1995-2006 period foreign-

born people accounted for 67 per cent of the net increase in the number of scientists and engineers in 

the US (Kerr and Lincoln, 2010).  

 

New strands of thinking about immigrants and the impact of their unique personal characteristics have 

been another important contribution of this emerging literature. Until now, many economists took a 

receiving country perspective and focused predominantly on labour market effects of immigrants on 

natives. It is, however, crucial to recognize that the impact of migration cannot be only confined to labour 

supply and wage effects. Migration is a key factor in increasingly interdependent relationships between 

trade, economic development, investment and knowledge flows between the developed and developing 

world.  Indeed, the recent developments in various strands of the literature emphasize this fact and link 

various issues. Endogenous growth theories highlight the important role of skilled labour. Therefore, the 

productive roles of foreign employees rather than machines are placed on the research agendas. New 

economic geography models emphasize the importance of a unique buzz through economic diversity and 

knowledge spillovers in urban agglomerations, and thus quantify the so-called Jacobs externalities in 

cities. Given the increasing urban population of the world as well as the sorting of immigrants with 

diverse backgrounds into urban areas, models of the productivity of diverse teams and workplaces 

appear as a very interesting, and inspiring research area for labour and urban economists (for example 

Berliant and Fujita 2008; Hong and Page 2001).  

 

The stylized facts obtained from large metropolitan areas show structural changes in national economies 

towards more knowledge and capital-intensive sectors, combined with the sorting of immigrants and 

skilled workers into urban areas. The role of urban areas in facilitating the face to face interactions, 

knowledge exchange, and flow of ideas has become prominent. New economic geography models help us 

to understand these changes and provide insights into the location decisions of firms. They show the 

benefits from scale economies as well as the emerging combination of skills and diversity at urban areas 

within an agglomeration externalities framework. The theoretical evidence combined with the insights of 

the endogenous growth theory led to an emergence of a very recent literature on the long-term 

technology-enhancing economic impacts of cultural diversity of immigrant workers. It is argued that, by 

definition, immigrants are expected to possess different knowledge and skills than natives, and also than 

other immigrants, based on the cultural characteristics of the places where they were born and raised. 

                                                           
5
 “The United Kingdom (800 000), Canada (530 000) and Spain (495 000) also received significant numbers of high-

educated people. (...) In 2005/06, the share of highly educated among all immigrants ranged from 11% in Italy to 

47% in Canada and in the United Kingdom. In almost all destination countries, the share of migrants holding tertiary 

degrees is higher than that of the native-born. This pattern was already observed in 2000, but has been reinforced 

recently in many countries, because of the selective nature of recent migration flows. In 2005/06, the United States 

was the leading net beneficiary of high-skilled migration with 11 million (7.8 million in 2000). Canada was the second 

net receiver with 2.4 million in 2005/06 and the country, which has experienced the highest growth rate since 2000 

(+47%, +765 000)” (Widmaier, and Dumont 2011). 
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Polanyi stated that 'we can know more than we can tell’ (Polanyi, 1967: 4). This tacit and embodied 

knowledge of immigrants becomes available at destination countries as immigrants are mobile across the 

world. From the economic perspective, pooling of diverse knowledge from all over the world in certain 

spatial or production locations may mean pooling of new ideas, skills, creativity, and innovativeness. 

Therefore, the focus of this literature is whether host countries/regions/firms may gain some productive 

externalities through knowledge spillovers by attracting and employing immigrants with diverse 

backgrounds. Moreover, the mechanisms that create an enabling environment to reap the benefits from 

cultural diversity are also scrutinized. The scientific evidence that supports this hypothesis at varying 

spatial levels has already been provided by case studies of developed countries such as Germany, 

Netherlands, New Zealand, the United Kingdom, Canada, United States, and Denmark so far (Niebuhr 

2010; Ozgen et al. 2011; Ozgen et al. 2013; Mare et al. 2013; Lee and Nathan 2011; Partridge and Furtan 

2008; Kerr and Lincoln 2010; Parotta et al. 2011). These studies suggest a positive impact of cultural 

diversity at varying magnitudes and at varying spatial levels. In Chapter 3 and Chapter 4 of the thesis 

more elaborate discussions of these studies are provided.  

 

 

1.4 Cultural diversity of international immigration: Definition, measurement, 

modelling 

 

Many researchers have tried to model under which circumstances receiving countries or firms might 

benefit from cultural diversity. Due to the limitations of available data and measurement issues, almost 

none of the economic theories and empirical models of cultural diversity incorporate its multi-layered 

formation over time. Obviously, what makes an individual different from others can be a unique 

combination of culture, language, religion, race and birthplace. However, quantifying all these 

characteristics simultaneously remains a challenge. Therefore, economic models of cultural diversity 

mostly use one operational definition, and then try to analyze the performance, productivity and growth 

impacts. The operational definition of diversity mostly depends on the availability of the data and 

relevance of the definition within a country context. For instance, in the European context racial diversity 

is considered less significant than it is in the US. Although there is an ongoing effort to define and 

measure cultural diversity (e.g. Fearon, 2003; Montalvoa and Reynal-Querol, 2005; Desmet el al., 2009; 

Ozgen et al., 2013), it is difficult to present one measure that is commonly agreed upon in the literature. 

In addition, due to the nature of the diversity itself, the definition should depend on the phenomenon 

under consideration, namely heterogeneity, compositional aspects, size dominance of groups, etc. (Jost, 

2007). The literature, so far, commonly uses fractionalization indices (Alesina et al., 2003), exposure 

measures (Massey and Denton, 1988) and spatial segregation indices (Massey and Denton, 1988; Nijkamp 

and Poot, 2013). Evidently, these metrics offer a trade-off between defining diversity through its single or 

multiple attributes. 

 

Although the diversity of teams and groups have long been empirically studied in management sciences 

(Hoogendoorn and van Praag, 2012), it is a fairly recent research topic in economics and, especially, in 

labour economics. Obviously, natural experiments to analyse the effects of cultural diversity are very rare. 

Most studies rely on area analysis, where diversity, induced by an increasing number of immigrants in a 
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region leads to (un)employment, wage or consumption effects. Most past research has focused on 

whether a rising number of immigrants creates a competition, and therefore a displacement, effect in the 

local labour market for the natives (Borjas 2003; Card 1990). Moreover, the impact of regional ethnic 

diversity on boosting the variety of consumption goods and housing prices has also been extensively 

studied. Another strand of research incorporates cultural diversity of the workforce into production 

functions. In these studies, various types of labour from native workers to ethnic minorities of all skill 

levels are used, combined with capital, to derive supply of and demand for production. Hence these 

models estimate the complementarities and substitution of production inputs (Peri and Sparber, 2009).  

Finally, simulation models of various types offer long-term consequences of immigration and the patterns 

of adjustments over time (Nonneman, 2007).  

 

The main motivation behind the way in which diversity enters the production function relates to the fact 

that people differ in their productive skills and cognitive abilities in their interpretation of information 

and problem solving (Alesina and La Ferrara, 2005). Group level studies and team theory show how a 

diverse team can develop superior solutions to difficult problems compared to those from a homogenous 

team, even with the former being under less favourable conditions (e.g. Hong and Page 2001; Prat, 2002). 

The general intuition is that heterogeneity of perspectives may lead to rigorous innovative solutions.  

 

The economic models of diversity also incorporate the possible negative effects of diversity which may 

cause ethnic segregation, lesser availability of social capital and, efficiency loss due to communication 

barriers. However, these models estimate only the ‘direct’ negative impact of diversity and do not focus 

on indirect effects that may lead to conflicts, crime or wars. Models of Ottaviano and Peri (2005), Prat 

(2002), Hunt and Gauthier-Loiselle (2010) do not account for the costs of diversity and assume that more 

heterogeneity is always better than less. On the other hand, Alesina and La Ferrara (2005), for example, 

model welfare maximization in the presence of a proliferating number of diverse groups as a trade-off 

between increased productivity and variety versus fewer public goods available for all of the groups in the 

economy. Lazear (1999) also shows how costs may be incurred in diverse teams due to communication 

difficulties. There may clearly be a trade-off between productive benefits of diversity and the costs of 

increased heterogeneity, and therefore, there may be an optimal level of diversity. Examples from the 

world, contrasting African countries with countries like the US, Canada, New Zealand, suggest that 

institutional mechanisms may mitigate the negative effects of cultural diversity and help to reap benefits 

from it. In this respect Guiso et al. (2006), Fearon and Laitin (2001) provide useful insights on the 

relationship between cultural diversity and institutions.  

 

 

1.5 Data and empirical modelling issues 

 

The studies assessing the value of diversity span across several levels, ranging from macro to micro scales. 

The literature offers evidence from area level studies (e.g. where patenting performance of foreign-born 

graduate students with diverse backgrounds are analysed at country level) to individual level analysis (for 

example, patenting performance of immigrant inventors or entrepreneurs are followed over time and 

space). The research focus is often determined by the availability of, and access conditions to, the data. 
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Often micro-level linked firm and employee data are subject to confidentiality agreements from providing 

institutions, and can be accessed only through secure environments, such as so-called data laboratories in 

situ or through remote access. Moreover, research on cross-country compatibility, so far, is non-existent. 

This is not only due to the access conditions limited to restricted locations, but also due to the lack of an 

internationally agreed legal framework that allows researchers/statistics institutes to exchange 

administrative data.  

 

From a modelling perspective, there are two major difficulties. Firstly, the potential impact of unobserved 

heterogeneity that may simultaneously influence the outcome variable and ethnic diversity at regional or 

firm levels is likely to bias the estimated effect sizes of diversity. Panel data fixed effects models which 

help to account for unobserved heterogeneity often do not work for firm-level studies due to the small 

within-firm variation. Moreover, these models appear to be uninformative for largely time invariant 

variables, such as slowly trending indicators of productivity.  The most appropriate time frame for 

analysing the effects of diversity is another methodological question, since assessing the impact of 

policies that promote diversity for firms or regions may require post-evaluations decades after the point 

in time when the policies were introduced.  

 

Secondly, it is a challenge to correctly identify causal links between immigration, diversity and 

productivity outcomes. Few examples of natural experiments that occurred as a result of population 

exchanges or wars between countries exist due to a lack of relevant data.  Instrumental variables (IV) 

estimation is by far the most used econometric technique to overcome the possible bias stemming from 

the endogeneity issues in the modelling. One of the reasons why IV estimations often fall short is due to 

the limitation in finding a truly exogenous variable that is highly correlated with the endogenous 

explanatory variable, but not with unobserved factors that influence the dependent variable. 

Alternatively, matching methods and difference-in-differences kinds of modelling try to emulate 

controlled experiments in observational studies. This group of estimation techniques is referred to as a 

quasi-experimental design (Lozano and Steinberger, 2010) and requires fairly large numbers of 

observations.  

 

 

1.6 Research questions 
 

There are many separate channels through which diversity influences socio-economic impacts. Most 

research to date simply estimates a net effect and these effects have been estimated in the literature for 

various output measures like growth, income, wellbeing, innovation, trust, participation, discrimination, 

and spatial interaction (trade, tourism, FDI, etc.). The economic externalities that can be obtained from 

diverse populations/employees/individuals can be broadly classified into two economic areas: economics 

of production and of consumption.  

 

This research exclusively focuses on the production-side gains from migration and cultural diversity. It 

starts with a broad perspective on the factor price equalization and regional disparity impact of 

international migration, and then focuses down to a micro level examination of individual level 
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productivity. The chapters in this thesis take immigrants, and a range of features of migrants, as supply 

side inputs of production. The thesis considers various econometric specifications for assessing channels 

through which migration may affect innovation and productivity outcomes (the latter measured by 

earnings). It aims to provide a background for social and economic policies of migration supported by the 

solid quantitative analysis. 

 

From this perspective the central research question of this thesis is “What are the impacts of immigration 

and cultural diversity on innovation and economic growth?” At more refined levels - from macro to micro 

level studies -, this research addresses the following questions: 

 

• Do immigrants form-part of a homogeneous production factor that through labour mobility 

can help countries to converge in income level (see Chapter 2)? 

• Do regions with a greater share of immigrants in the population innovate more (see Chapter 

3)? 

• Are firms, which have a more diverse composition of employees, more innovative in a cross-

section or panel-data framework (see Chapters 4-6)? 

• Does past exposure to foreigners at the workplace pay off for employees’ earnings growth 

(see Chapter 7)? 

 

These research questions are tested throughout the chapters of this thesis. The following section 

describes the conceptual framework as well as the data used in the separate chapters. 

 

 

1.7 Conceptual framework of the thesis 

 

A multi-level approach from macro, meso to micro is chosen to analyse the economic effects of migration 

and cultural diversity. The conceptual framework of the thesis rests on this research design which 

explores the main research question at three different geo-spatial levels. The rationale behind this 

research design is that the main research question is economically relevant for different geographical 

scales and production units; however, the mechanisms operating at these different scales can be fairly 

different. For example, spatial selectivity of migration increases the significance of migration studies at 

the regional level, while firm-level sorting of foreign employees, as an understudied topic, requires much 

attention to clarify the net effect of the composition of international migration on productivity outcomes. 

Therefore, an important contribution of this thesis is that it offers a comprehensive study of migration 

impacts on long-term productivity provided with multi-level quantitative evidence. Secondly, the 

availability of administrative data allows advanced econometric modelling, and thus improved 

measurements.   

 

This thesis is structured such that country-level studies and meso-level regional studies are followed by 

firm and employee-level micro research. Figure 1.2 illustrates the conceptual framework of the thesis. It 

exploits a wide variety of data resources for the various spatial levels. The flowchart shows that extensive 

data collection, manipulation and analysis have been conducted. Moreover, the diversity of the 



 

methodologies used shows that the relevance, mechanisms and policy implications of this research 

question should be contemplated
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Figure 1.2: The conceptual framework of the thesis.
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applications. It utilizes the Eurostat’s general and regional statistics database; while for migration, 

regional accessibility and economic growth indicators the databases of IAB, Oxford econometrics and 

ESPON are used. This regional-level study discusses the long-run technology enhancing economic growth 

effects of international migration within an agglomeration economies framework. Longitudinal data 

analysis, instrumental variables, and spatial econometrics are used to address various methodological 

issues. Moreover, discussing the inherit heterogeneity in terms of skills and culture that the immigrants 

hold, and the spatial inter-dependencies the innovating regions retain, the study goes beyond the 

mainstream innovation literature that considers all skilled workers as a homogenous group. The research 

shows that, while accounting for cross-country differences, a distinct composition of immigrants from 

different backgrounds is a more important driving force for innovation than the sheer size of the 

immigrant population in a certain locality. Moreover, the average skill level of immigrants (proxied by 

global regions of origin) also affects patent applications. In contrast, an increasing share of foreigners in 

the population does not conclusively impact on patent applications. Given that the study period is 1990-

2001, the study also brings light to the policy debates on the so-called East-West migration in Europe and 

indeed received widespread attention in the online media.6 

 

The fourth chapter of the thesis takes a micro-level approach, and focuses down to the smallest unit of 

production: the firm. An important contribution of this chapter is the introduction of employee 

heterogeneity to the knowledge production framework. The heterogeneity of the employees does not 

only come from their varying skill levels, but also from their cultural background in terms of country of 

origin, the demographic characteristics, and their assimilation to the host country. A unique linked 

employer-employee micro dataset of 4582 firms that includes qualitative information on firms and 

innovation was constructed and analysed. The empirical analysis suggests robust evidence that firms 

employing relatively more migrants are less innovative. However, there is evidence of integration in that 

this effect is generally less strong or even absent for second generation immigrants. Moreover, firms 

employing a more diverse foreign workforce are more innovative, particularly in terms of product 

innovations. The benefits of diversity for innovation are more apparent in sectors employing relatively 

more skilled immigrants. 

 

Continuing with the analysis at the micro-level, the fifth chapter offers some important methodological 

insights into the measurement of cultural diversity. The chapter also takes a longitudinal perspective by 

using a panel of linked employer-employee data. The chapter explores whether altering diversity 

measures would inform us better on the channels of how a diverse workforce affects firms’ productivity. 

The chapter shows that diversity is a multi-dimensional concept, and that firms may benefit differently 

from its unique components. The positive impact of diversity on product or process innovations is greater 

among firms in knowledge-intensive sectors and in internationally-oriented sectors. The impact is robust 

to accounting for endogeneity of foreign employment. 

 

In chapter six, a new modelling approach is introduced which has not been previously applied in the 

economics of diversity literature. Although many studies provide positive evidence on the impact of a 

                                                           
6
 This is for example reflected in the fact that the study was reviewed in Wall Street Journal on 12 May 2011. 
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culturally diverse workforce on innovations, unobserved heterogeneity remains a challenge. By using 

finite mixture modelling (FMM) framework, the chapter shows how to control for observed and 

unobserved heterogeneity. It is found that diversity is beneficial for firm level innovativeness but only 

within a certain cluster of firms which operate in high-level capital-intensive sectors such as mining, 

manufacturing, R&D, computer related services, and machinery and equipment production. Moreover, 

these firms are predominantly located in non-urban areas.  In labour and land-intensive sectors the 

impact of diversity on innovativeness is not statistically significant.  

 

Chapter 7 focuses on employee level analysis and addresses another novel research question. This study 

analyses workers' earnings growth with respect to their past employment experience in diverse 

workplaces. This chapter particularly stands out among the wage impact studies because it focuses not 

only on firm size impacts, but also on the effect of firm diversity in the past workplaces of employees. The 

identification strategy relies on comparing wage growth of workers belonging to the same firm, yet with 

different past employment experiences. Using administrative data from the Netherlands, the wage 

growth of about 40,000 young employees with four years of work experience in the period 2004-2008 is 

analysed. The chapter demonstrates that employees who were employed in larger firms in the past 

experience less wage growth later on. Having worked in multicultural firms does not appear to affect 

wage growth, neither in terms of the number of foreigners nor in terms of the composition of foreign 

employment. 

 

Chapter 8 discusses the overall findings of this thesis and their implications in terms of policy relevance. It 

also suggests potentially fruitful lines of further inquiry in future research.  
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2. The Effect of Migration on Income Growth and Convergence: Meta Analytic 

Evidence7 
 

 

 

 

 

 

 

 

 

 

 

 

 

2.1  Introduction 

 

 

Migration is an important means through which people can improve their economic well-being and 

quality of life. In general, net population movement tends to be oriented towards prosperous areas which 

offer higher real income prospects. Fuelled by migration, the global urban population grew 12.7 times in 

the 20th century (UNFPA, 2007), while the world population increased by about a factor of four (UN, 

2009).8 The concentration of population in particular cities and regions often coincides with increasing 

regional disparities within countries due to agglomeration effects (e.g., Fujita and Thisse, 2002). This 

prompts the question how those that leave a region, and thereby become a newcomer in a migrant 

receiving region, affect the spatial distribution of income. The redistribution of population across cities 

and regions invokes a wide range of short-run and long-run supply effects and demand effects of which 

the joint impact is ultimately an empirical matter. Our study focuses therefore on the consequences of 

net internal migration for spatial disparities in economic growth, and for the speed of income 

convergence. 

 

Many researchers emphasize the labour-supply effect of migration in a standard neoclassical framework. 

Migration is in this framework a mechanism for reducing spatial income differentials (e.g., McCann 2001). 

Yet many others oppose the standard growth model, and point, for example, to the importance of 

migrants’ characteristics such as youthfulness, entrepreneurship and skills that, together with their 

impact on aggregate demand, may have growth-enhancing effects, particularly in an agglomerated 

economy (e.g., Poot, 2008). Simply in terms of aggregate demand and scale of the economy, regions 

losing population through migration may face economic contraction, whereas regions gaining population 

through migration may benefit from an expansionary effect on output, employment and income. 

                                                           
7
 This chapter has been published as Ozgen et al. (2010a).  

8
 The global urban population grew in this period from 220 million to 2.8 billion, while the world population grew 

from 1.7 billion to about 6.8 billion. 
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However, studies on the consequences of migration show that the transfer of human capital from one 

place to another is a critical aspect (see Kanbur and Rapoport, 2005; Rappaport, 2005). In particular, skill-

selective mobility may have profound impacts on origin and destination places, a finding that may be at 

odds with a neoclassical framework.  

 

Since the 1990s, the economic growth literature has produced a number of studies that have analysed 

the role of internal migration on per capita income convergence. The evidence produced by the current 

literature regarding the effects of migration is not yet conclusive. The observed results may depend on 

various study characteristics, research methodologies, type of data, and the spatial scale of measurement 

at which the research has been conducted (Nijkamp, 2009). Additional insight into the quantitative effect 

of migration may be obtained by analysing the variation in the estimated regression coefficients across a 

range of primary studies. Meta-analytical techniques provide appropriate tools for this research task. The 

aim of the present study is therefore to analyse the effect of migration on income convergence by means 

of a meta-analytic evaluation of various econometric studies that have incorporated migration as an 

explanatory variable in regression models of income convergence. 

 

In Section 2.2 we present a brief and selective review of empirical studies on the impact of migration on 

economic growth. Section 2.3 describes a short explanation of our meta-analytical technique.  The data 

obtained from a purposive selection of past empirical studies is given in Section 2.4. We present the 

results of our meta-regression analysis in Section 2.5. Section 2.6 offers concluding remarks. 

 

 

2.2 Impact of Migration on Income Convergence: A Review 

 
Can internal migration contribute to the absorption of external economic shocks in regions and to the 

alleviation of regional inequalities? An extension of the Solow-Swan model of growth in a composite good 

economy that incorporates migration of homogeneous labour shows that as long as there are diminishing 

returns to labour, workers move from low income to high income regions, and migrants have on average 

low levels of human capital, migration accelerates income convergence (e.g., Barro and Sala-i-Martin, 

2004). When there are no barriers to factor mobility, labour and capital move in this model in opposite 

directions and both contribute to a reduction in spatial disparities in capital per effective unit of labour, as 

well as income per capita. Migration in the form of a movement of labour from poor to rich areas lowers 

capital intensity (increases the return to capital) in the destination region, and increases capital intensity 

(lowers the return to capital) in the region of origin. Thus, when the same technologies are used 

everywhere, migration speeds up per capita interregional convergence in capital intensity and income 

(Polese, 1981).  

 

Barro and Sala-i-Martin (2004) provide a detailed explanation of this phenomenon in the context of the 

neoclassical growth model. They conclude that if migration is an important source of convergence, and if 

the endogeneity of migration in growth regressions is controlled for, the estimated beta coefficient (the 

effect of initial income on economic growth during the transition to the steady-state growth path) should 

become smaller in regressions that include a migration variable. In addition, in a world in which the same 
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composite good is produced everywhere with the same technology with homogeneous labour, increasing 

population growth through net inward migration lowers the rate of economic growth (growth in income 

per capita). The coefficient of the migration variable in a growth regression, when properly instrumented 

to account for endogeneity, would then be negative. 

 

Both labour mobility and capital mobility will bring the capital intensities of sending and receiving regions 

closer, which is the mechanism through which factor mobility contributes to interregional income 

convergence. Clearly, the impact of net migration on convergence and growth will, in practice, depend on 

interregional differences in capital intensity, the skill levels of the migrants, the extent to which migration 

induces gross fixed capital formation, the composition of output and the associated technologies, and the 

extent to which migration affects technological change (e.g.,  McCann, 2001; Nijkamp and Poot, 1998).  

 

If out-migrants possess on average substantially higher human capital than stayers, it will take longer for 

sending economies to reach their long-run steady state. Additionally, the exit of labour from poorer 

regions may lower gross fixed capital formation in such regions. Therefore, the disincentive effect of 

outmigration on investment may dominate the direct effect of outmigration on labour supply and wages, 

so that outward migration may slow down wage growth rather than increase it as the neoclassical model 

would predict (Rappaport, 2005). If net inward migration increases real per capita income growth, then 

this creates a self-reinforcing growth process and possible divergence. If beta convergence is nonetheless 

a feature of long-run development, it must be strong enough to offset an income-enhancing net 

migration effect. The presence of a significantly positive net migration variable in a growth regression is 

then expected to increase the estimate of beta convergence (i.e. remove the negative omitted variable 

bias in estimates of beta in regressions without the migration variable). Which of the two cases (negative 

net migration effect with positive omitted variable bias in the estimate of beta convergence versus 

positive net migration effect with negative omitted variable bias in the estimate of beta convergence) is 

more plausible is ultimately an empirical matter. 

 

The following econometric specification is commonly used in the literature to measure the impact of 

migration on economic growth and convergence:  

 

 

(1/T) . log(yr,t/yr,t-T) = α - [(1 - e
-βT

)/T]. [log(yr,t-T)] + γ mr,t + other variables + error term,      (2.1)  

      

 

where the dependent variable is the average annual growth rate of per capita income; yr,t is the per capita 

income in region r in the 12 month period ending at date t; T is the number of years spanned by the data; 

β is the annual rate at which an economy converges to its own long-run steady state, and γ is the 

coefficient of the annual net migration rate mr,t. This rate is calculated as the average annual net 

migration flow (in-migration into region r minus out-migration from region r) between date t-T and date 

divided by the total population at date t-T. Mathematically, mr,t = [(NMr,t-T,t/T)/Pr,t-T]. Virtually all studies 

of beta income convergence (so-named, because these studies aim to estimate β in equation (2.1) adopt 
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specification (2.1) or its linearized equivalent, but many studies among these implicitly assume that γ = 0. 

The present meta-analysis focuses on evidence that explicitly tests that γ ≠ 0. The coefficient of interest is 

therefore γ, the coefficient of the net migration variable. In the neoclassical model we would expect that 

γ < 0 once we can treat migration as exogenous with respect to the error term. We also expect that 

regressions that impose that γ = 0, while in fact γ < 0, show a greater effect of initial income on growth, 

i.e. a greater β (Barro and Sala-i-Martin, 2004, p.492). The bias in the estimation of β due to the omitted 

net migration variable is then positive. We will use βo to refer to an estimate of β when net migration rate 

variable is omitted, and βi to refer to an estimate of β when the net migration variable is included. When 

the net migration rate variable is estimated to be negative (the neoclassical case), then we expect βo-βi > 

0; but when the estimated coefficient of net migration is positive, then we expect βo-βi < 0. The empirical 

analysis reported in Section 2.4.3 confirms this intuition.  

 

Various studies on the effect of internal migration in the neoclassical growth model have yielded diverse 

results. Barro and Sala-i Martin (2004, Table 11.7) find that the effect of internal migration on growth in 

per capita income across regions in the US, Japan and various European countries is statistically 

insignificant once instrumental variables account for endogeneity of net migration. The effect on the 

estimated β is inconclusive as well.9 Similarly, Cardenas and Ponton (1995) report a negligible impact of 

migration on income convergence in Colombia (1960-1989), and Gezici and Hewings (2004) find no effect 

of migration on reducing regional disparities in Turkey (1987-1997). In contrast, Kırdar and Saraçoğlu 

(2008) detect a negative impact of migration on regional growth rates and a decrease in the estimate of 

beta convergence in Turkey (1975-2000). Such apparently contradictory results, even for the same 

country, warrant a systematic investigation into the causes of such differences in conclusions. Meta-

analysis has the potential to add scientific value to existing studies by uncovering statistically significant 

pooled effects where the individual studies are inconclusive or inconsistent. The present chapter provides 

an excellent example of this benefit of meta-analysis. 

 

A substantial literature has emerged to consider the very slow convergence, convergence only within 

clusters or “clubs”, or divergence observed in reality (see, e.g., Islam (2003) for a review of the literature). 

The removal of regional disparities through migration and local labour market adjustment take such a 

long time that relying exclusively on this adjustment mechanism may lead to underutilization of resources 

in depressed regions (Pissarides and McMaster, 1990). Both migratory behaviour and migrant 

characteristics have an important influence on the convergence process (Greenwood, 1975). There are 

two major impacts of labour migration: the scale (size) effect, and the composition effect. A high level of 

outward migration of skilled labour may hurt scale and productivity of the labour-exporting region, and 

benefit the labour-importing region. Furthermore, such migration can be persistent, and may not die 

away over time. For example, Williamson (1991) observed that, in the US, the real wage gap between 

urban and rural areas showed a striking persistence over five decades between 1890 and 1941, despite a 

continuous unidirectional migration flow into urban areas (Reichlin and Rustichini, 1998). Evidence from 

many countries suggests that ignoring the heterogeneity of labour may bias the estimates of the effect of 

                                                           
9
 In some countries  β increases, in others the estimated parameter decreases. 
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migration on growth (Shioji, 2001). The impact of migration on regional inequalities is unclear unless one 

explicitly considers the skills of the migrants. Migrants with higher human capital endowments are 

expected to search for job-opportunities over wider geographical areas and are clearly more mobile 

(McCann, 2001). Migration can play a role as an adjustment mechanism from which all regions benefit, 

but it can also favour the economy of only the recipient region. Heterogeneous labour may offset the 

scale effect of migration through the change in the ratio between skilled and unskilled workers (Etzo, 

2008). Indeed, the skills of the migrants determine what happens to the economic opportunities in a 

source region when a selected subsample of its population moves elsewhere (Borjas, 1999). Inflow of 

skilled labour can lead to an upward shift in productivity in the recipient regions. Although migration 

allows workers to maximize their individual utility, it may also increase regional disparities in income per 

capita at the aggregate level, depending on the skills of migrants (Fratesi and Riggi, 2007).  

 

Despite the earlier noted persistence of internal migration patterns, the volume and direction of 

migration may eventually change. Certain factors such as agglomeration externalities and relative wage 

dispersion effects are quite crucial to the impact of migration on receiving regions. Recent trends indicate 

a massive movement towards cities, not only from rural to urban, but also from smaller to larger cities. 

The theory of intervening opportunities suggests that opportunities matter more to migrants than 

distance (Stouffer, 1940). Cities are places where there are relatively more opportunities. They are also 

the places that bring people together, and the externalities created by the diversity of people in cities are 

the drivers of economic growth (Glaeser et al., 1992). While these effects are greatest in big cities, such 

cities also simply offer more jobs (Molho, 1986). Greenwood and Hunt (1989) confirm that jobs and 

wages have a considerably higher direct effect on net metropolitan migration of employed persons than 

location-specific amenities. Of course, while the job market remains an important determinant of 

migration patterns, the spatial distribution of the quantity and quality of jobs may not provide a full 

explanation of observed migration patterns. Such patterns may also be based on other locational 

attributes (Cushing and Poot, 2004). For example, Gallup et al. (1999) concluded that landlocked areas, 

being geographically disadvantaged, are economically disadvantaged.10 This highlights that economic 

geography, the attributes of migrants, their responsiveness to spatial disparities, regional economic 

adjustment processes and externalities associated with migration are all important, but complex, drivers 

of empirical estimates of the impact of net migration on growth and convergence. 

 

In conclusion, the effect of migration on income growth and convergence remains an ongoing research 

issue. Past empirical studies appear to have led to contradictory results. The challenge is to identify the 

theoretical framework that is most strongly supported by the empirical findings. This is where meta-

analysis can play an important role. Meta-analytic techniques provide a systematic analysis of the 

available empirical evidence from independently undertaken studies. Such techniques permit us to 

identify the relationships between the measured effects of migration and relevant study characteristics 

such as data source, scientific method, and the choice of geographical boundaries. We will therefore 

                                                           
10

 The 28 landlocked countries outside Europe, containing 295 million people in 1995, are among the poorest in the 

world. 
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utilize meta-analysis in this chapter as a method to compare the empirical findings quantitatively and to 

identify the causes for observed differences in the impact of net migration on economic growth. 

 

 

2.3 A Short Introduction to Meta-analysis: Analysis of Analyses 

2.3.1 Methodology  

 

The research findings on a particular topic may indicate a great variety of conclusions and can be 

confusing and conflicting about central issues addressed by theory and practice. Meta-analytical 

techniques can offer a clearer idea, compared with narrative literature reviews, of the variation in 

numerical outcomes across the literature and provide systematic details of the studies through coding 

their varying characteristics, as well as the basis on which the research has been conducted (Lipsey and 

Wilson, 2001). Meta-analysis has clarified a controversial area of research in various cases (Stanley, 2001). 

It is possible to combine the numerical findings from various studies by means of meta-analysis and to 

gauge the accuracy of the relationships even when the analysed sample suffers from publication bias 

through explicitly modelling the implication of such selection bias (see Nijkamp and Poot, 2005, for an 

example).  

 

In general, factual or methodological heterogeneity across studies, heteroscedasticity of effect sizes 

(which are the parameter estimates or statistical quantities of interest), and correlation of effect sizes 

between and within studies, can cause methodological problems when interpreting a meta-analysis.11 

Heterogeneity, defined as a variation of the mean among the effect sizes that are collected from primary 

studies, is a major concern in many comparative analyses. When the distribution of effect sizes is 

heterogeneous, then the analysts must look for the reason for the disagreement on the magnitude of the 

effects among the studies. While allowing for unexplained factors that drive some of the variation in 

effect sizes, the mean effect size should be clear and interpretable.  

 

Heterogeneity in meta-analytical studies is handled in two main ways: firstly, by focusing on explaining 

the variation; and secondly, by analysing the mean effect sizes by making particular assumptions 

regarding their distribution. The most commonly used method for the first approach is meta-regression 

analysis which explains the variation of effect sizes in terms of regressors that represent various study 

characteristics.12 For the second approach, random and fixed effects models are used to predict 

population effect sizes on the basis of the sample of effect sizes collected from primary studies (e.g., 

Nelson and Kennedy, 2008). The random effects model assumes that the underlying population 

parameter is itself drawn from a distribution. Hence, there are two sources of variation: within and 

                                                           
11

 For a recent discussion on ‘best practice’ in meta-analysis in economics (with particular reference to 

environmental economics), see Nelson and Kennedy (2008). 
12

 Such descriptors are commonly study attributes that can be represented by categorical variables, which are then 

represented in a meta-regression analysis by binary dummy variables. Not all attributes are qualitative: the sample 

size of a primary study can be an important integer variable. 
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between-study variance.13 The fixed effects model assumes within-study variation only.  Samples of effect 

sizes can of course be split into sub-samples that on a priori or statistical grounds may be assumed to be 

homogeneous. In the fixed effects model, primary studies estimate a fixed population effect. For a fixed 

effects model, let Tj be the observed effect size of study j, j=1,….,k . It is assumed that δ1=….=δk=δ, 

where δ is the unobserved true common underlying effect. Therefore, a pooled estimate of δ is calculated 

in the fixed effects model as follows: 
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in which vj is the estimated variance of effect size Tj.  The effect sizes are weighted by their estimated 

inverse variances, to account for differences in precision of the estimates, e.g. due to varying sample 

sizes.14 The weighted average effect size ��  has an estimated variance �, where:  

1

1

1
k

jj

v

v
=

=

∑
          (2.3) 

 

The standard random effects model assumes that each observed effect size differs from the population 

effect size in two ways: first, there is variability due to the primary observation-level sampling error, 

known as within-study variance; and, second, there is the random variation of the effect sizes, known as 

between-study variance. Algebraically, the model is denoted as: 

 

Tj = δj + εj  εj   ∼   N(0, σj
2
) 

δj = δ + µj   µj   ∼  N(0, τj
2
)       (2.4) 

 

As in the fixed effects model, the estimated effect sizes are weighted by their inverse variances for the 

precise estimation of the mean effect size. However, in the random effects model there are two sources 

of variation and therefore the inverse weight of each effect size will be equal to 1/(vj + wj
2
). In this case vj 

represents the within-study variance, and wj
2 denotes estimated between-study variance.15  

 

The fixed and random effects weighted mean effect sizes may differ substantially if the studies are 

markedly heterogeneous (Egger et al., 1997b). Since the effect sizes are collected from various studies, a 

homogeneity test is usually run to check whether “the studies can reasonably be described as sharing a 

common effect size” (Hedges and Olkin, 1985). In the literature by far the most commonly used 

                                                           
13

 The common use of this approach refers to the cases where the source of variation cannot be identified (Sutton et 

al., 2000).  
14

 Ignoring this in calculations would overstate the importance of covariates in a meta-regression analysis 

(Thompson and Sharp, 1999). 
15

 For the estimation of between-study variance, see:  e.g. Shadish and Haddock (1994, p. 274). 
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homogeneity statistic is the Q-statistic (Engels et al., 2000).16 The Q-statistic, however, informs us only 

about the presence or absence of heterogeneity, and it does not describe the degree of heterogeneity.17 

A generic calculation of the Q-statistic is:  
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“If [the] Q-value is higher than the upper-tail critical value of chi-square at k-1 degrees of freedom, the 

observed variance in study effect sizes is significantly greater than what we would expect by chance if all 

studies share a common population effect size” (Shadish and Haddock, 1994). In meta-analyses in 

economics, the hypothesis of homogeneity is often rejected. We shall see in Section 2.4 that this is also 

the case for effect sizes that measure the impact of net migration on per capita income growth. In the 

presence of heterogeneity, meta-regression analysis is one way to account for heterogeneity 

systematically. This method will be applied in Section 2.5.  

 

2.3.2 Meta-Regression Analysis  

 

Meta-regression analysis is a statistical technique that integrates effect sizes gathered from various 

independent studies and explains the variation between them. This variation may come from two 

different sources:  as a result of sampling error (that may vary across studies) or due to variability in the 

population of effects: namely, unique differences in the set of true population effect sizes (Lipsey and 

Wilson, 2001). The former variation causes inherent heteroscedasticity in the meta-analysis sample, while 

the latter causes randomness of effect sizes. Moreover, using standard OLS estimation to explain the 

heterogeneity would lead to inefficient results, since effect sizes with a higher variance would get the 

same weight as effect sizes with a lower variance (Koetse et al., 2007). 

 

Meta-analytical techniques have been developed to address these issues. The fixed effects regression 

model assumes that the variation among the effect sizes is fully predictable by a number of moderator 

variables gathered from the primary studies. In general, the fixed effects estimator is also known as the 

‘inverse variance-weighted’ method, whereby the regression weights are inversely proportional to the 

precision of the estimates, and the estimation is conducted by weighted least squares (WLS). A linear 

fixed effects model is as follows: 

 

Tj = θ0 + θ1xj1 +……….+ θpxjp + εj                     εj ∼  N(0, σj
2
),    (2.6) 

                                                           
16

 This test was devised by Cochran (1954) and based on a chi square statistic that is distributed with k-1 degrees of 

freedom, where k stands for the number of effect sizes (Shadish and Haddock, 1994). 
17

  When the homogeneity hypothesis is not rejected the meta-analyst usually adopts a fixed-effect model because it 

is assumed that the estimated effect sizes only differ by sampling error. In contrast, when the hypothesis is rejected 

then a random-effects model is applied. “A shortcoming of the Q statistic is that it has poor power to detect true 

heterogeneity among studies when the meta-analysis includes a small number of studies and excessive power to 

detect negligible variability with a high number of studies” (Huedo-Medina et al., 2006). 
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where Tj refers to the estimated effect size j, p denotes the number of moderator variables xjp; and the θs 

are the coefficients to be estimated. In the fixed effects model, the weights are equal to the reciprocal of 

the sampling variances (weight for Tj is 1/vj), calculated by means of the usually reported standard errors 

or t-statistics of regression coefficients (Hedges, 1994).18 In standard statistical packages, the coefficients 

are correctly estimated with WLS, but the standard errors are calculated by means of a slightly different 

formula than in the fixed effects model, hence an adjustment is required.19  

 

In general, the mixed effects model is considered as a combination of the meta-regression model and the 

random effects model (Sutton et al., 2000). The mixed effects model allows for two variance components 

by assuming that the effects of between-study variables such as the type of data a study uses, are 

systematic (subject to sampling error), but that there is an additional component that remains 

unmeasured (and is possibly unmeasurable). The latter represents a random effect in the effect size 

distribution (Lipsey and Wilson, 2001): 

 

Tj = θ0 + θ1xj1 +……….+ θpxjp + εj + µj               εj ∼  N(0, σj
2
),   µj ∼  N(0, τj

2).   (2.7) 

 

As indicated in Equation (2.7), there are two error components, referring to the within- and between-

study variances respectively. These are additively included in the equation and hold for the weights in 

random variances. As a result of including a random variance component in the error formulation, the 

level of statistical significance and the confidence intervals may change (Lipsey and Wilson, 2001), in 

particular widen, and thus increase uncertainty with respect to the estimate of the population mean. Our 

estimation is based on an iterative maximum likelihood estimator. 

 

Each of the studies selected for meta-analysis usually may present multiple effect sizes. Therefore, the 

studies with a high number of effect sizes may dominate the prediction of the overall mean effect size. A 

common procedure used to overcome this problem is to assign a within-study weight that is equal to the 

reciprocal of the number of observations obtained from the study (Nelson and Kennedy, 2008). By using 

this approach we give equal weight to each study, though the impact of individual effect sizes varies.  

 

In meta-analysis there are several statistical techniques that exist to combine the effect sizes, yet there is 

no single "correct" method. Most frequently, sensitivity analysis is required to assess the robustness of 

combined estimates to different assumptions and other criteria (Egger et al., 1997b). The empirical 

results of meta-regression analysis are given in Section 2.5.  

 

                                                           
18

 The fixed effect estimates of Table 3 can be obtained by running a WLS regression of the effect sizes on a constant 

term only, with weights equal to the reciprocal of the sampling variances. 
19

 The corrected standard error is generally obtained by dividing the reported standard error by the root mean 

squared error (RMSE) of the WLS regression. However, using so-called aweights in Stata (which interprets weights as 

replications) requires the reported RSME to be multiplied by √(N/k) in which N is the sum of the weights and k is the 

number of effect sizes. Because Stata reports N in any case, the standard error of the fixed effect estimate can in 

fact with this software simply be obtained by calculating 1/√N. 
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2.4 Primary Studies 

2.4.1 Selection of Primary Studies and Study Characteristics 

 

The primary studies in our meta-analysis all adopt the standard framework of the neoclassical model of 

growth and convergence, while most discussions on the effect of migration on income convergence 

follow the path-breaking research by Barro and Sala-i Martin (1992, 2004).20 In this chapter we will 

therefore address the impact of migration on income convergence as an empirical research issue. 

Equation (2.1) (or a linearization thereof) represents the regression equation that all the primary studies 

used in their analysis. There are two parameters of interest, β and γ, in equation (2.1). First we will focus 

on the effect of net migration on growth in per capita income, i.e. the extent of variation in the estimates 

of γ across and within studies. We also check how accounting for the net migration rate affects the speed 

of convergence, β. Jointly, this informs on whether the results of Barro and Sala-i-Martin (2004) are 

confirmed by other researchers.21 

 

The search for papers was conducted systematically through software called Harzing’s Publish or Perish 

(linked to Google scholar), and alternative search engines such as EconLit. Besides references, Harzing’s 

Publish or Perish also reports the number of citations of each document that provide some measure of its 

impact. We used the following keywords: migration and convergence, labour mobility, internal migration, 

income convergence. The literature search checked extensively electronic resources of published articles 

and unpublished studies, as well as websites of migration-related research institutes, and international 

organizations. More than 1200 articles were scanned.  

 

However, many of these do not provide direct evidence of the impact of net internal migration on growth 

and convergence. One fundamental problem is the lack or limited reliability of internal migration data. 

Growth studies require long-term time series. Historical internal migration data are hard to obtain in 

many countries. Additionally, the time period of the data on migration flows often does not exactly match 

that of per capita income growth data. This makes it hard in empirical research to calculate the effect of 

migration for various periods, therefore, convergence studies tend to report relatively few regressions 

that include migration variables. Moreover, many of the studies that directly assess the effect of 

migration on income convergence have been fairly recent, with 60 per cent having been published after 

2000.22 

 

An additional problem that limits the number of comparable estimates in this study – and in economic 

research generally – is that innovation and uniqueness of empirical modelling is rewarded by referees and 

editors of journals, while replication is not encouraged (Hamermesh, 2007). Meta-analysis requires the 

                                                           
20 The foundation for all primary studies is the neoclassical closed economy models of Ramsey (1928), Solow (1956), 

Cass (1965) and Koopmans (1965). All predict that the per capita growth rate over a given period tends to be 

inversely related to the level of output or income per capita at the beginning of the period (Barro and Sala-i Martin, 

1992).  
21

 Barro and Sala-i-Martin estimated equation (2.1) with data on the US, Japan and some European countries. 
22

 Even excluding Barro and Sala-i-Martin (2004), whose estimates were originally published in 1995. 
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acquisition of a cluster of studies concerned with the same research question that use a common 

econometric specification, i.e. a common metric of measurement. This significantly reduces the pool of 

empirical estimates that can be potentially suitable for summarising by meta-analysis. In the present 

context, while the literature on convergence is huge, only papers that use, or build on, the migration-

extended convergence model suggested by Barro and Sala-i Martin (1992, 2004) were selected. The 

selected studies for meta-analysis were all published after 1991.  

 

The paper selection process initially yielded 17 studies with 94 observations. However, some serious 

comparability problems remained, and five papers had to be dropped. From the 12 remaining papers, 67 

estimates of β and γ  were obtained. Table 2.1 describes the sources of the estimates and some key 

features of these studies.23  

 

Table 2.1: Primary Studies used in the Meta-analysis 

 
 

A larger number of studies would have generated a larger set of observations on the statistical 

significance of the impact of net migration on growth, but in the present study the focus is on deriving 

estimates of the magnitude of the effect, which requires the regression models to be directly comparable 

(with at most corrections for differences in terms of the scale of variables or the effect of linearization). 

                                                           
23

 Several papers used the same analytical framework but did not generate estimates that corresponded with 

equation (2.1) or its linearized equivalent, applied to the impact of net internal migration on interregional growth 

differentials. Examples are Gezici and Hewings (2004), Maza (2006) and Cashin and Loayza (1995). 
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The trade-off is that greater comparability (and consequently greater homogeneity of the included 

estimates) reduces the size of the sample of estimates. However, it should be noted that the 67 available 

estimates cover nonetheless a diverse range of countries from different parts of the world. 

 

The transformations that have been applied to some study findings concern the coefficients of initial 

income and of net migration. Firstly, to ensure comparability of the net migration coefficients, such 

coefficients were converted, if necessary, to the equivalent coefficient for a variable that measures the 

ratio of annual net migration over total initial population. Secondly, if the coefficient of the initial income 

variable was given by linear regression estimation in a primary study, then the estimated coefficient was 

turned into its non-linearized equivalent according to b = -[(1 - e
-βT

)/T] and, hence, β = -ln(1+bT)/T. In 

most of the papers, the dependent variable in the regressions was growth in personal income per capita, 

but in some cases (Chile, Norway, Sweden, Italy) the dependent variable referred to growth in Gross 

Regional Product per capita. This had no impact on the meta-analysis. 

 

2.4.2 Publication Bias 

 

Publication bias is a highly debated topic in meta-analysis. The question is whether the effect sizes are 

representative of the population concerned. In general, authors are more likely to report significant 

results, and what is called the ‘file-drawer problem’ suggests that insignificant results are more likely to 

be buried in a filing cabinet, although the quality of the research may be high. Moreover, publishers are 

more likely to publish statistically significant results than insignificant results (Begg, 1994; Rosenthal and 

DiMatteo, 2001). Doing a meta-analysis by means of a sample which suffers from biased selection of 

studies and estimates may have serious consequences for the interpretation of the statistical inference. 

In meta-analysis there is also the possibility of an inherent bias due to the selection of only a cluster of 

studies (e.g. using a particular methodology) and the omission of studies not published in English.  

 

There are various ways to reveal a possible bias. For instance, one way to deal with publication bias is to 

use a weighting technique that quantifies the methodological strength of each study in the analysis 

(Rosenthal and DiMatteo, 2001). However, such weighting can be rather subjective. Here we use a 

graphical method, the so-called funnel plot, which plots effect sizes against a measure of precision of the 

estimates. The funnel plot for the estimates of the coefficient of net migration rates is given in Figure 2.1. 

Along the vertical axis we measure the standard errors of the effect sizes down from 0, while the effect 

sizes themselves are measured along the horizontal axis. The vertical line represents the precision 

weighted average effect size, i.e. the fixed effects estimate. The figure shows that the precision weighted 

average net migration coefficient is slightly positive. The broken lines represent the expected 95% 

confidence intervals around this fixed effects for a given standard error, assuming no heterogeneity 

between studies. Besides easily revealing outliers, the plot is also indicative of publication bias when the 

scatter is strongly asymmetrical. This is not obvious in Figure 2.1. 
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However, publication bias is only one of the possibilities that may generate an asymmetric funnel plot (de 

Dominicis et al., 2008). 24 A formal statistical test of asymmetry of the funnel plot is known as Egger’s 

linear regression test (Egger et al., 1997a). The regression equation may simply be denoted as follows: t*= 

κ +λs
-1, in which the t* statistics of the estimates of the primary regression coefficient are regressed on 

the corresponding inverse standard errors, s-1. The intercept measures the asymmetry. If the intercept is 

significantly different from zero, then this provides evidence for publication bias in the dataset (Sutton et 

al., 2001). In our case, the observations are distributed relatively symmetrically, albeit with a slight 

positive bias. This is confirmed by Egger’s linear regression test which finds �̂ = 0.517 with an associated 

p-value of 0.087, i.e. not statistically significant at the 5 per cent level.  

 

 
Figure 2.1: Funnel plot for publication bias in reported estimates of net migration rates in growth 

regressions 

 

Figure 2.2 shows the funnel plot for publication bias in reported estimates of the difference in beta 

convergence between including and excluding a net migration rate in growth regressions. Egger’s linear 

regression test provides some interesting results concerning the beta coefficients of convergence. In 

regressions without the migration variable, there is no evidence of publication bias in the estimated beta, 

�̂ = -0.91 with a p-value of 0.120. The corresponding estimate in the regressions with the migration 

variable is �̂ = 6.13 with a p-value of less than 0.001. Hence, this could be a concern.25 However, our 
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 There may be other biases (e.g. language bias, see Sutton et al., 2000, p.109) that arise from the selection of 

primary studies and which we were not able to control for. 
25

 However, one of the main research questions in studies that include a migration variable has been to assess how 

such a variable changes the rate of convergence. Meta-analytic inference on beta convergence itself can be 
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primary focus is the pair-wise difference between the two estimated beta, for which we find that �̂ = -

0.53, with a p-value of 0.242. In this literature, a prior belief may have emerged through the seminal work 

of Barro and Sala-i-Martin, who argued (using neoclassical theory) that the introduction of a net 

migration variable would lower the estimated beta. The Egger test suggests that there is no evidence of 

publication bias in the effect of the net migration variable on the estimated beta. Hence we conclude that 

our sample of estimates obtained from the literature on the impact of net migration rates in growth 

regressions has not been affected by publication bias.   

 

 

Figure 2.2: Funnel plot for publication bias in reported estimates of the difference in beta convergence 

between including and excluding a net migration rate in growth regressions 

 

 

2.4.3 Descriptive Statistics 

 

Using the 67 effect sizes obtained from the studies listed in Table 2.1, the distribution of estimates of γ 

(coefficient of net migration) are within a range of -1.25 to 1.34, clustered around zero (see Table 2.2). 

The mean value is 0.18, with a standard deviation of 0.43.26 Even without a formal test, this large 

standard deviation is indicative of considerable heterogeneity. Figure 2.3 shows the quantile plot of the 

estimated coefficients. Both the mean value and the median value (0.13) suggest a small positive impact 

of migration on the per capita income growth rate. However, the magnitude of the effect can only be 

                                                                                                                                                                                             
obtained from a much larger range of studies (see Abreu et al. 2005 and Dobson et al. 2006). The sample of 

differences in beta coefficients we used for the meta-regression estimations does not suffer from publication bias. 
26

 All estimations have been carried out in Stata 10.1. The meta-analysis estimation software is outlined in Sterne 

(2009). 
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meaningfully estimated when the precision of the estimates is taken into account by means of the fixed 

effects or random effects estimator, as will be discussed below. Here we simply note that only 2 of the 67 

coefficients of net migration had a statistically significant negative value (at the 5 per cent level), while 27 

of the 67 estimates had a statistically significant positive value. 

 

 
Figure 2.3: Quantile plot of the distribution of the coefficients of net migration rates in growth 

regressions 

 

The Q-statistic of heterogeneity of effect sizes shown in Table 2.3 is 336.3, with 66 degrees of freedom. 

Hence, the null hypothesis of homogeneity is conclusively rejected with a p-value<0.001. I2 (a measure of 

variation in the estimated gamma attributable to heterogeneity) is 80.4 per cent. The fundamental 

question is the extent to which the variation in effect sizes across studies is systematic rather than due to 

random variation. Explaining this variation is not only the main interest in the present study, but may also 

provide additional insight into discussions in the recent literature on the effect of net migration on 

growth and on the convergence coefficient. We explain this variation by utilizing a set of moderator 

variables, in the form of binary dummy variables. These present the characteristics of the primary studies.  

 

The moderator variables, which are study features that may explain heterogeneity among the observed 

net migration coefficients, are presented in Table 2.2. Since the variables are in the form of binary 

dummies, reference categories must be selected for meta-regression analysis and these are shown by an 

asterisk (*). The statistical significance of the effect size variation, as well as the impact of each study 

feature on the net migration-rate coefficient, is investigated by means of multivariate analysis in Section 

2.5. Descriptively, Table 2.2 suggests that the coefficient of net migration is smaller in regressions with 

pooled data than with cross-sectional data, with Instrumental Variable (IV) estimation, when time 

-1
0

1
2

Q
u

a
n

ti
le

s
 o

f 
c
o
e

ff
 o

f 
a
n
n

u
a

l 
a
v
e

 n
e
t 
m

ig

0 .25 .5 .75 1
Fraction of the data



29 

 

dummies are accounted for, and when covariates are used. However, the growth impact of net migration 

is greater when it refers to highly skilled workers only. The level of development of the country does not 

appear to have a noticeable influence on the coefficient of the net migration rate. 

 

 

Table 2.2: Descriptive Statistics for the Coefficient of Net Migration in Growth Regressions 

 

(*)stands for the reference categories in regression analysis 

 

The second question of our study is whether the speed of convergence is influenced by including the net 

migration variable in the regression and, if so, to what extent? The interquartile range of values of beta 

convergence in the considered sample of regressions is from 0.02 to 0.04 (with 0.02 representing the 

commonly observed ‘two per cent rule’ in the literature; see Abreu et al. 2005).27 Consistent with the 

positive effect of net migration on growth noted above, inclusion of migration in equation (1) appears to 

increase the speed of income convergence slightly: the average βo is 0.0302, whereas the average βi is 

0.0325. However, the proper comparison must be pair-wise, in which all other aspects of the regression 

specification remain the same. Figure 2.4 shows the distribution of the effect on beta convergence of 

including a net migration variable in the regression. The βo-βi effect varies between -0.030 and 0.036, with 

the average being slightly negative (-0.002). This suggests that the migration variable in the economic 

growth regressions raises the beta convergence coefficient slightly, contrary to what Barro and Sala-i-

Martin (2004) expected. However, a paired t-test indicates that the difference in means is only significant 

at the 10 per cent level (one-sided), t = -1.59. This result may be compared with the findings of Dobson et 

al. (2006) who ran meta-regressions of beta convergence coefficients and found that the inclusion of 

population, employment and labour force growth (variables which may be expected to have effects 

                                                           
27

 Beta coefficients of growth regressions without net migration rate were not reported in the published primary 

study by Shioji (2001). These estimates were kindly provided for the meta-analysis by the author. 
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similar to net migration rates on beta convergence) in primary studies had mostly an insignificant effect 

on the speed of income convergence.  

 

 
Figure 2.4: Quantile plot of the difference in beta convergence in regressions without and with a net 

migration variable 

 

Table 2.3 reports the fixed and random effects estimates of (a) the coefficient of net migration in the 

growth regressions, (b) the coefficient of beta convergence without net migration, (c) the coefficient of 

beta convergence with net migration, and (d) the difference in beta coefficients. With weights 

determined by the precision of the estimates of the primary studies (as in equation (2.2)), the fixed 

effects estimate of the coefficient of net migration is 0.092. The random effects estimate, which is always 

closer to the unweighted mean (0.18, see Table 2.2) is 0.133. Clearly these results suggest that the effect 

of the net migration rate on growth ranges between 0.092 and 0.133. In rounded terms we conclude that 

the average estimated effect of a one percentage point net migration rate on the per-capita income 

growth rate is about 0.1 percentage points.  

 

Table 2.3(b) shows that when growth regressions are run without a net migration variable in the 

specification, the fixed effects estimate of beta convergence in our sample is 0.030. This is larger than the 

celebrated 2 per cent rule, but Dobson et al. (2006) note in their meta-analysis that the mean rate of 

convergence derived from intra-national studies is considerably larger than the rate obtained from cross-

national studies and their meta-sample average (unweighted) of 0.025 for intra-national studies is 

consistent with our evidence. In our sample of 67 estimates, the fixed effects estimate of beta 

convergence drops considerably (to 0.005), when the net migration variable is introduced in the growth 

regression. However, there is huge heterogeneity among these estimates and the random effects 
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estimate is therefore more useful. The random effects estimate suggests that introducing a net migration 

variable into the growth regression increases beta slightly (from 0.027 to 0.029). 

 

This small positive effect is confirmed by formally calculating a fixed and random effects estimate of the 

difference. The fixed effects estimate is 0.0006 (see Table 2.3(d)), but the random effects estimate has a 

95 per cent confidence interval running from -0.002 to 0.002, with the point estimate being negative, 

albeit only in the fourth digit after the decimal point (the precision-weighted mean is -0.0003). Given the 

considerable heterogeneity, the random effects estimate is more informative in the present context 

because it spreads the precision weights (derived from the reciprocals of the squares of the observed 

standard errors) more evenly than the fixed effects estimate (Borenstein et al., 2009). We conclude that 

including a net migration variable in an intra-country growth regression raises the speed of beta 

convergence slightly. 

 

Table 2.3: Fixed and Random Effects Estimates 

 

(a) The coefficient of the net migration rate in growth regressions 

Method Pooled Estimate 95% CI LB 95% CI UB 

Fixed 0.092 0.086 0.099 

Random 0.133 0.099 0.168 

Test for heterogeneity: Q = 336.27 with 66 degrees of freedom (p=0.000) 

 

 

(b) The beta convergence coefficient in regressions without a net migration rate 

Method Pooled Estimate 95% CI LB 95% CI UB 

Fixed 0.030 0.030 0.031 

Random 0.027 0.025 0.030 

Test for heterogeneity: Q = 714.24 with 66 degrees of freedom (p=0.000) 

 

 

(c) The beta convergence coefficient in regressions with a net migration rate 

Method Pooled Estimate 95% CI LB 95% CI UB 

Fixed 0.005 0.005 0.005 

Random 0.029 0.025 0.034 

Test for heterogeneity: Q = 5358.66 with 66 degrees of freedom (p=0.000) 

 

(d) The pairwise difference in beta convergence coefficients 

Method Pooled Estimate 95% CI LB 95% CI UB 

Fixed  0.0006 0.0001 0.0011 

Random -0.0003 -0.0021 0.0016 

Test for heterogeneity: Q = 469.10 with 66 degrees of freedom (p=0.000) 
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Theoretically, if a variable that is correlated with the included variables is excluded from the model, the 

predicted parameters are biased (Verbeek, 2004). Therefore, unless γ = 0, the deletion of the net 

migration rate variable from equation (1) would lead to biased estimates of other parameters, including 

the estimated beta. If γ = 0, the expected value of βo equals the expected value of βi (including an 

irrelevant variable leaves the estimate unbiased although the precision is reduced). Figure 2.5 presents 

the bias caused by deletion of the net migration rate variable on the difference in estimated beta 

convergence coefficients without and with the net migration rate. The northwest quadrant represents 

the neoclassical convergence combination of a negative estimate of γ, combined with a positive bias. The 

southeast quadrant represents the endogenous growth combination of a positive γ together with a 

negative bias. The precision-weighted averages of γ and βo−βi are in the southeast quadrant. Given the 

heterogeneity, the relationship between estimated γ and βo−βi is not precise (R2=0.07) but statistically 

significant at the 5 per cent level. 

 

 
 

Figure 2.5: Scatter plot (and least squares regression line) of coefficients of the net migration rate and the 

corresponding difference in beta convergence in regressions without and with a net migration variable 

 

2.5 Meta-regression Analysis 

In meta-regression analysis we can assess whether study characteristics jointly affect the mean effect size 

in a statistically significant way. Since we have a modest number of observations, we aim to formulate a 
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parsimonious model that brings further insights to methodological and empirical discussions. The 

reported regressions have been selected on grounds of theoretical considerations and goodness of fit. 

 

 

2.5.1 Meta-regression Analysis of the Coefficient of Net Migration 

 

Table 2.2 shows that the mean estimate of the migration coefficient varies across a number of study 

characteristics: type of data, type of estimator, etc. We report our results by using three estimation 

techniques that were discussed in Section 2.3. These are the WLS, fixed effects and mixed effects models. 

The results are given in Table 2.4. Varying the estimators allows us to identify the robustness of the 

results. The results are in fact qualitatively highly consistent across the three approaches. Nonetheless, it 

is not realistic to expect meta-analysis to explain the entire variation that exists in the data (Nelson and 

Kennedy, 2008). The outcome of empirical testing cannot be predicted beforehand, precisely because the 

sources of influence on the outcome are both numerous and sometimes unidentifiable (Raudenbush, 

1994).  

 

Heterogeneity and quality variation of data are important issues that affect empirical estimates and 

therefore meta-analysis. In general, there is a consensus that regional scale data are more homogenous 

compared with cross-country data (Barro and Sala-i Martin, 1992; Abreu et al., 2005). However, in 

countries within which regional disparities are very high or the data of lesser quality, estimates may be 

affected by this. Additionally, the level of development may have an impact on the role of migration in 

growth regressions. For instance, in developing countries migration would be more homogeneous than in 

developed countries. The migration that takes place in the developing world is predominantly rural to 

urban, while migrants of the developed world have a tendency to move between cities witin and between 

countries in the same part of the world. This contributes to agglomeration and its positive impact on 

growth (World Bank, 2008). Table 2.4 shows that the dummy variable for development has a positive 

coefficient in the meta-regression models, but the coefficient is not statistically significant.  

 

There are two important econometric issues in the migration and growth literature: simultaneity bias, 

and omitted variable bias (OVB) (Kırdar and Saraçoğlu, 2008). Areas with higher than average real wage 

growth are expected to exhibit relatively strong net in-migration flows. There is therefore a two-way 

causality between growth and migration. For this reason, OLS may generate biased estimates. Thus, the 

use of two stage models such as 2SLS and IV is highly recommended in the literature. Table 2.4 suggests 

that IV estimation leads to a reduction in the positive effect of migration on real income growth. 

However, this effect is statistically significant only in WLS estimation. 

 

In the presence of omitted variable bias (OVB), there is a correlation between unobserved regional 

characteristics and growth. Using a panel structure with regional fixed effects is one way in which 

researchers can overcome OVB (as long as the omitted variable is cross-sectional rather than temporal). 

Hence, a panel data methodology controls for time-invariant structural differences across the regions 

(Cashin and Loayza, 1995; Etzo, 2008). Table 2.4 shows that using pooled data decreases the effect of 
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migration on growth, and this is the case for all meta-regression estimators (significant at the 5 per cent 

level).  

 

Table 2.4:  Meta-Regression Analysis of the Coefficient of Net Migration in Growth Regressions 

 

 Study Characteristics WLS
(1)

 Fixed Effects
(2)

 Mixed Effects 

Development developed 0.1874 0.0680 0.1845 

  (0.1350) (0.1100) (0.1732) 

 developing (†) - - - 

Type of the data pooled -0.3146*** -0.1640** -0.2310** 

  (0.1167) (0.0740) (0.1044) 

 cross-section (†) - - - 

Type of the  

estimator 

IV -0.3868*** -0.0793 -0.1069 

 (0.1260) (0.0760) (0.1038) 

 others  (†) - - - 

Time dummies accounted for    0.4432*** 0.3636* 0.3381** 

  (0.1352) (0.1874) (0.1674) 

 not accounted for (†)  - - - 

Covariates used 0.0196 0.0561** 0.0105 

  (0.1174) (0.0210) (0.0996) 

 not used (†) - - - 

Migration of highly   

skilled workers 

accounted for  0.2857 0.1691 0.1124 

 (0.1748) (0.1036) (0.1303) 

not accounted for (†)  - - - 

Constant  0.1832  0.1387 0.1580 

    (0.1271) (0.1208) (0.1535) 

N  67 67 67 

Adj. R
2
  0.2395 0.1550 0.1010 

Notes: (†) refers to the reference categories in the regression analysis. The dependent variable is the coefficient of the average 

annual net migration rate in growth regressions. Standard errors are given in parenthesis. *, **, *** indicates significance at the 

10%, 5% level, 1% level respectively. 
(1)

 WLS: an equal weight of ‘1’ is assigned to each study in the database, with the weight of 

individual estimates within a study being given a weight equal to the reciprocal of the number of estimates obtained from the 

study. 
(2)

 Fixed effects: observations are weighted by the inverse squared standard error of the effect sizes. Mixed effects: see the 

main text. The adjusted R
2
 in the mixed effects model refers to the proportion of between-primary regression variance explained. 

 

The heterogeneity of migrants is an important recent issue in the literature. The skill composition of the 

migrants may directly affect the impact on host regions (Etzo, 2008; Shioji, 2001). Highly-skilled migrants 

are expected to have a stronger positive impact on growth than lesser-skilled migrants. They are also 

more mobile. Researchers are increasingly questioning the measurement of migrants’ skills, and are 

suggesting that gross migration rates should be studied rather than net migration rates because of 

asymmetric effects of skills on inward and outward migration. It is therefore important to consider those 
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studies that have controlled for the composition of migrants.28 In our meta-sample, only studies on Italy 

and Japan have considered highly skilled migrants as an explanatory variable. We accounted for the 

composition effect with a migrant-skill dummy, which turned out to be positive in all three models, but 

which was statistically insignificant.  

 

Various covariates are included in growth regressions to avoid omitted variable bias. Sectoral composition 

and per capita public investment are among the most frequently used covariates. The sectoral 

composition variable provides a measure of how the endowment of industries in a region affects overall 

growth (i.e., whether sunrise or sunset industries are overrepresented (see Cardenas and Ponton, 1995). 

The effect of the inclusion of such covariates appears to have a positive effect on the estimated 

coefficient of net migration, but the effect is only statistically significant in the case of the fixed effects 

model.29 

 

In measuring the consequences of migration, it is important to allow for exogenous shifts and trends such 

as technological improvements. Such forces could create temporary or permanent migratory waves. In 

such cases, it would be wise to consider a time dummy in the primary growth regression since the 

estimate of the migration impact may otherwise be biased. We find a positive, and statistically significant, 

effect of between 0.3 and 0.4 for studies that allowed for time dummies. 

 

 

2.5.2 Meta-regression Analysis on the Difference in Beta Coefficients 

with and without Migration 

 

Table 2.5 reports the results of meta-regression analysis of the impact of a net migration variable in 

growth regressions on the estimated coefficient of beta convergence. The estimators that are compared 

are the same ones as in Table 2.4. The dependent variable is the coefficient of beta convergence in 

growth regressions without a net migration covariate minus the corresponding coefficient of beta 

convergence when a net migration covariate has been included. If a study characteristic makes this 

difference more positive, it leads to greater support for the neoclassical model, whereas if the study 

characteristic makes the difference more negative, it tends to be more supportive of net migration 

reinforcing economic growth (see again Figure 2.5). The reported models have been selected on grounds 

of relative goodness of fit or a priori plausibility of the results. 

 

 

 

                                                           
28

 The human capital embodied in a migrant worker with a low educational attainment, but with a high level of work 

experience, is likely to be underestimated when only education is taken into account. Common data deficiencies are 

a major obstruction to further analysis along these lines. 
29 We included many other controls such as regional fixed effects, heteroscedasticity (if accounted in primary 

studies) and type of publication in our estimation. The reported results in Table 2.4 are robust to the inclusion of 

these variables. They turned insignificant in all estimations, except type of the publication is negative and significant 

only in mixed effects estimation at 10 per cent level.  
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Table 2.5: Meta-Regression Analysis of the Difference in Beta Convergence between Growth Models with 

Net Migration and Without 

 Study Characteristics WLS
(1)

 Fixed Effects
 (2)

 Mixed Effects 

Typical length of time  10 years or more -0.0022 0.0049** -0.0023 

interval  (0.0030) (0.0024) (0.0026) 

 less than 10 years (†) - - - 

Type of publication published 0.0092** 0.0133*** 0.0103*** 

  (0.0035) (0.0040) (0.0036) 

 Working paper (†) - - - 

Regional fixed effects accounted for 0.0118*** 0.0110*** 0.0103*** 

 (0.0035) (0.0039) (0.0035) 

 not accounted for (†) - - - 

Covariates used    -0.0064** -0.0082** -0.0057* 

  (0.0031) (0.0041) (0.0034) 

 not used (†)  - - - 

Instrumental  used 0.0089*** 0.0019 0.0041* 

variables  (0.0029) (0.0017) (0.0022) 

 not used (†) - - - 

Migration of highly skilled 

workers 

accounted for  -0.0137*** -0.0144** -0.0136*** 

 (0.0043) (0.0062) (0.0037) 

not accounted for (†)  - - - 

Constant  -0.0085** -0.0090*** -0.0055 

    (0.0036) (0.0027) (0.0037) 

N  67 67 67 

Adj. R
2
  0.2751 0.2598 0.3793 

Notes: (†) refers to the reference categories in the regression analysis. The dependent variable is the coefficient of beta 

convergence in growth regressions without a net migration covariate minus the corresponding coefficient of beta convergence 

when a net migration covariate has been included. Standard errors are given in parenthesis. *, **, *** indicates significance at 

the 10%, 5% level, 1% level respectively. 
(1)

 WLS: an equal weight of ‘1’ is assigned to each study in the database, with the weight 

of individual estimates within a study being given a weight equal to the reciprocal of the number of estimates obtained from the 

study.
(2)

 Fixed effects: observations are weighted by the inverse squared standard error of the effect sizes. Mixed effects: see the 

main text. The adjusted R
2
 in the mixed effects model refers to the proportion of between-primary regression variance explained. 

 

The time span of the data used in the estimations in primary studies is an important variable in 

convergence analysis. Beta convergence is a long-run process that can only be estimated with data over a 

long time span, to avoid business cycles biasing the estimate. The bias introduced by omitting a net 

migration variable in the regression may also be affected by the time span of the data. Table 2.5 shows 

that a longer time frame is needed to capture the neoclassical growth process: the time interval dummy 

has a statistically significant positive coefficient, but only in the fixed effects model. 

 

Although we did not find publication bias among the selected studies (see Section 2.4.2 above), there is a 

possibility that studies published in journal articles find on average a different effect from non-refereed 

working papers. Table 2.5 shows that this is indeed the case. Published studies report more positive 
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values for the difference in estimated betas, suggesting that the non-orthodox interpretation is more 

common among the working papers. 

 

The primary studies included in the meta-sample refer to regions across a wide array of countries. 

Regional fixed effects may capture the unobserved heterogeneity of various socio-economic differences 

between the regions. The speed of convergence increases if we allow for higher level of regional variation 

(Kırdar and Saraçoğlu, 2008). Including regional fixed effects provides arguably better specified growth 

regressions and shifts the difference in beta coefficients upwards. The results suggest indeed that 

introducing a net migration variable in the growth model has an impact on beta that is about 1 

percentage point more positive when regional fixed effects are used than when they are not. The effect is 

highly significant in all three models.  

 

The inclusion of additional covariates in growth regressions controls for the possibility of spatial 

differences in steady state growth path, and bias in estimates of beta convergence (Abreu et al., 2005). 

Once such variables are included, the impact of the net migration variable on the difference in betas 

becomes more negative. 

 

As noted previously, the endogeneity of net migration in growth regressions (migrants are 

disproportionally attracted to the fastest growing regions, leading to a high correlation between net 

migration and growth) can be accounted for by means of the instrumental variables technique (Barro and 

Sala-i Martin, 2004). Table 2.5 confirms that using an instrument makes the difference between betas 

with and without a migration variable slightly more positive. However, the coefficient is statistically 

insignificant in the fixed effects model.  

 

As in Table 2.4, we also examine again the effect of the measured skill level of migrants on the growth 

regression. We have seen that the introduction of the net migration variable on average increases the 

role of initial income (i.e. beta convergence) in explaining growth, and if the net migration variable refers 

to highly skilled migrants only, the (negative) difference between the estimated speed of convergence 

without and with the migration variable appears to become even greater, and the effect is statistically 

significant across all three estimators. This is consistent with the migration of highly skilled workers 

reinforcing an increasing returns growth process. 

 

Finally, the results reported in Tables 2.4 and 2.5 did not exploit the fact that each observation in the two 

meta-regression analyses came from the same primary regression. The error terms of the model for the 

net migration rate may therefore be correlated with the error terms of the model for the differences in 

betas and these correlations can be exploited by means of the Seemingly Unrelated Regression (SUR) 

model estimator (e.g. Zellner, 1962). The SUR approach was applied to the WLS model of Tables 2.4 and 

2.5. However, the results were very similar to those already discussed. To save space they are not 

included.30 

 

                                                           
30

 The SUR estimates are available upon request. 
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2.6 Conclusion 

 
In this study the issues of comparability and combinability of evidence, which need to be considered in 

any review, have been made explicit. The study analysed the impact of migration on income growth and 

convergence by applying several meta-analytical techniques which provided a quantitative 

methodological description for, and measure of, effect size heterogeneity that exists across the primary 

papers. The results appear rather consistent across techniques. However, data problems – particularly 

regarding the measurement of growth in regional income per capita and interregional migration over 

long time intervals – have been a common difficulty for researchers. This has limited the number of 

directly comparable estimates. 

 

As a result of synthesizing the empirical work, we conclude that the overall effect of net migration on 

growth in real income per capita is positive, but small. A one percentage point increase in the net 

migration rate (equivalent to a one percentage point increase in the rate of population growth) increases 

the rate of growth in per capita income by about 0.1 percentage points. In contrast, in a standard 

neoclassical framework of a constant returns to scale economy with a composite good being produced 

and labour’s share of income being 70 percent, an increase in the growth in labour supply of 1 percentage 

point would decrease growth in per capita income by 0.3 percentage points. However, with perfect 

capital mobility this effect would be offset by a commensurate increase in the capital stock (of 1 

percentage point) and growth in real per capita income would remain unchanged. A positive sign of a net 

inward migration coefficient in a real income growth regression is consistent with the perspective of the 

new endogenous growth theories and the new economic geography (which emphasise the strengthening 

benefits of agglomeration) rather than with the neoclassical model with homogenous labour (Fingleton 

and Fischer, 2008).  

 

Moreover, we find that the estimated rate of beta convergence (the rate at which the economy 

converges to its steady state growth path) is also on average increased somewhat by introducing net 

inward migration in the growth regression. Without net migration, estimated beta (conditional) 

convergence is around 2.7 per cent per annum across our sample of studies of internal migration and 

growth. The inclusion of a net migration variable increases this to about 2.73 per cent.31 

 

Furthermore, our results suggest that the nature of the data (pooled data versus cross-section; the length 

of the time interval) has a significant influence on the impact of the migration variable in growth 

regressions. The results also highlight the importance of two-stage estimation techniques such as IV 

estimation to overcome the two-way causality problem in the relationship between migration and 

growth. The IV method reveals a lower migration effect on income growth. We also identify the 

importance of controlling for unobserved regional heterogeneity by means of fixed effects estimation. 

Finally, the estimates of the impact of net migration on per capita income growth depend on the model 

specification, in terms of the selected covariates, including the use of time dummies. 

 

                                                           
31

 Based on Table 2.3, panels (b) and (d) respectively. 
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The nature of the mechanisms through which net migration increases real income growth still has to be 

explored in further primary research. The impact of migration on capital accumulation and technological 

change would be central issues in this context. The composition of the migration flows in terms of the 

age, skills and diversity of the migrants may play an important role too. Finally, the present chapter has 

focussed only on internal migration, but the impact of migration on income growth and convergence is 

clearly also an important topic in the current debate on the desirability and sustainability of current 

immigration levels in developed countries. Further primary research, and subsequently some synthesis by 

means of meta-analysis, may be expected in that context as well. 
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3. Immigration and Innovation in European Regions32 
 

 

 

 

 
 

 

 

 

 

 

 

 

 
 

 

 

3.1 Introduction 

 

The more than doubling of the number of foreign-born residents of developed countries since 1980 has 

triggered a high level of research activity regarding the economic consequences of immigration. Yet many 

issues remain of concern to researchers, politicians and the general public. Much of the literature 

provides rather conclusive evidence that the short-run economic impact of an influx of foreigners on the 

host population is either positive (for example, an increase in demand; an increase in wages of those 

whose skills complement those of the arrivals; lower prices; a greater variety of goods and services) or 

only mildly negative (for example, a slight decrease of wages of those who are close substitutes for the 

new arrivals; an increase in the price of rental accommodation; a trade balance deterioration).33 Far less 

is known about the long-run economic impact. Yet the preference of many host countries to recruit 

highly-skilled workers (as revealed by their selection processes) is grounded in the belief that such 

workers will integrate more easily, reduce the amount public funding that is required for education and 

training,34 and boost long-run economic growth. 

 

In this chapter we focus on a specific driver of economic growth: namely, innovation, and investigate 

empirically whether there is a positive impact of immigration on innovation. Migrants can contribute to 

innovation in various ways. They contribute to the population growth of cities, which reinforces 

agglomeration – with positive benefits for innovation and growth (e.g. Audretch, 1998; Gordon and 

                                                           
32

 This research is part of the Migrant Diversity and Regional Disparity in Europe (MIDI-REDIE) project, funded by the 

NORFACE research program Migration in Europe – Social, Economic, Cultural and Policy Dynamics. This chapter has 

been published as Ozgen et al. (2012). 
33

 Recent reviews include Hanson (2008), Pekkala Kerr and Kerr (2010), and Longhi et al. (2010a). 
34

 However, Hunt (2009) finds with US data that the graduate training in the US of foreign-born workers yields a 

greater net benefit than recruiting workers with equivalent foreign training. 
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McCann, 2005; Kerr, 2010). Moreover, their skills, their youthfulness, and their self-selection in terms of 

ability, risk-taking, and entrepreneurship may positively influence innovation (e.g. Poot, 2008). 

Furthermore, migrants increase the ethnic and cultural diversity of the cities they settle in. It is well 

known, particularly since the work of Jacobs (1961, 1969), that more diverse cities are more innovative 

and prosperous.  

 

However, the empirical research on the links between immigration and innovation is still very recent and 

limited to about ten studies using predominantly North American data. Given that growth in the foreign-

born population since 1980 has been faster in Europe than anywhere else in the world (e.g. Longhi et al., 

2010b), research on the impact of this immigration on innovation activity in Europe is warranted, and has 

not been conducted previously, except for a study on German regions (Niebuhr, 2010), and another on 

London (Lee and Nathan, 2010). The present chapter takes, therefore, a European perspective, and aims 

to identify the impact of immigration on patenting at a regional level across 12 European countries. 

 

Essentially, there are five mechanisms through which immigration may boost innovation. These may be 

referred to as: the population size effect; the population density effect; the migrant share effect; the skill 

composition effect; and the migrant diversity effect. The first two of these externality effects also apply to 

the domestic population, and will be taken into account with other local determinants of innovation. The 

other three are specific to immigration only, and are the focus of the chapter. Our empirical research 

considers these effects individually, but also jointly. Of course, to operationalize such effects, we must 

define these externalities more precisely. For example, the host economy may benefit from an influx of 

highly-skilled immigrants, but also from an influx of immigrants representing a wide range of occupations. 

In that respect, occupational diversity may be just as important as cultural diversity. However, limited 

data availability necessitates the measurement of diversity only in terms of countries of citizenship. 

 

Effectively, our research aims to find answers to three research questions. Firstly, do regions with a 

greater share of immigrants in the population innovate more? Secondly, what is the impact of the skill 

composition of the stock of immigrants on innovativeness? Thirdly and finally, does a culturally diverse 

society form a “contextually-enabling environment” for innovativeness? The econometric estimation 

exploits a two-period (1991-95 and 2001-05) panel of data on 170 NUTS 2 regions in Europe. Innovation 

outcomes are measured by means of the total number of patent applications. Given the geographical 

concentration and subsequent diffusion of innovation activity, and the spatial selectivity of immigrant 

settlement patterns, we take account of spatial dependence and of the endogeneity of immigrant 

settlement in the econometric modelling.  

 

The perspective we take is restricted to that of the host country. The extent to which the emigration of 

highly-skilled workers from developing countries (the “brain drain”) impacts on such countries either 

positively (raising post-compulsory schooling enrolment) or negatively (leading to shortages of workers in 

education, health, ICT and other knowledge industries) is not considered here, but we note that, if a 

freeing up of the international exchange of skilled labour increases the global level of innovation, 

diffusion of new knowledge may benefit the sending nations as well, and raise welfare there also (for a 

review, see Duncan, 2008).  
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Our results suggest that an increase in the share of the foreign-born in the population of a region is not 

conclusively associated with innovation. However, an increase in the average skill level of migrants has a 

positive and statistically significant effect on patent applications. In addition, innovation levels are also 

positively associated with the cultural diversity of the migrant community. However, this effect appears 

nonlinear, and only operates beyond a critical minimum level of diversity. In Section 3.2, we provide a 

brief review of the previous literature on the effects of migration on innovation. The European data set 

that has been compiled to test for the impact of immigration on innovation is described in Section 3.3. 

Various measurement issues are also addressed in this section. Section 3.4 discusses the methodology 

and econometric modelling. Section 3.5 provides a short descriptive analysis. In Section 3.6 we discuss a 

range of econometric models that measure the joint impact on innovation of the immigrant share of the 

population and the skill level and ethnic diversity of the immigrants. Section 3.7 sums up and suggests 

avenues for further research. 

 

 

3.2 Channels of Influence of Immigration on Innovation 

 

As noted above, there may be many channels through which migration contributes to innovation. In a 

standard neoclassical setting, the main impact of immigration is distributional (Borjas, 1995). The 

“immigration surplus” associated with the expanding economy, accruing to the owners of capital and 

workers who are complements in production to migrants, is quantitatively small. While the associated 

shift of income from those supplying labour to the owners of capital may be in principle much larger, 

various adjustment mechanisms such as an inflow of capital in an open economy and internal migration 

may reduce the distributional impacts as well (see e.g. Longhi et al., 2010a). However, such comparative 

static analysis of the impact of immigration ignores the dynamic benefits flowing from new investment, 

knowledge exchange, greater product variety, and consumption externalities associated with the 

presence of diverse immigrant groups (Ottaviano and Peri, 2006; Bellini et al., 2008).  

 

Considering the first three mechanisms through which immigration may enhance innovation, population 

size, population density, and population share effects of immigration result from the fact that 

immigration boosts local aggregate demand. Such demand is partially met through additional imports, 

but predominantly through greater levels and greater variety of local production (Mazzolari and 

Neumark, 2009). While such output growth in the short run may be met by greater capacity utilization 

and additional labour supply (predominantly provided by the immigrants themselves), in the long run 

additional investment will be needed. Such new investment will embody the latest technologies, and the 

associated investment behaviour of firms will encourage product and process innovation. Moreover, the 

resulting expansion of the host economy may lead to firm growth or additional start-up firms, which will 

also again boost innovation (e.g. Freeman and Soete, 1997). Moreover, migrants, being predominantly 

attracted to the larger urban areas where job opportunities are the greatest, contribute to urban 

population growth, and thereby strengthen the forces of agglomeration which, as we noted in the 

Introduction, encourages greater innovation. 

 



43 

 

Given that in the modern knowledge economy technological change is an endogenous process, in which 

the production of new ideas is a function of the number of ideas workers (e.g. Lucas, 1988), the global 

competition for highly-skilled migrants has been intensifying. Borjas (1999) argues that immigrants are 

not randomly selected samples from sending countries. There is a process of self-selection in which the 

skilled workers who migrate may also be more entrepreneurial and less risk averse, and considerably 

younger (e.g. Kloosterman and Rath, 2003; Poot, 2008). Professional migrants often make multiple moves 

over their life course or even commute between multiple residences. This mobility behaviour generates 

spillover benefits to host countries in terms of transfers of new ideas and work practices. Hence, the 

fourth mechanism through which immigration boosts innovation is through the way in which they change 

the human capital stock of the host regions, by bringing in new ideas and knowledge. 

 

Probably the main way through which the composition of immigration can make the host economy more 

innovative is through explicit admission policies that favour highly-skilled workers. Moreover, the global 

mobility of highly-skilled workers has been increasing sharply due to globalization, the growing 

importance of the knowledge economy, and transfers within transnational corporations (e.g. Poot et al. 

2008).  

 

Both historically and at present, the world’s greatest cities are inhabited by large and diverse foreign 

populations.35 The issue of whether an economy containing such a diverse group of inhabitants is more 

productive and more creative than a more homogeneous one is a very significant policy question. City 

economies are complex, efficient, dynamic, and made up of myriad interacting small enterprises. In large 

cities many of these are run by migrant entrepreneurs, or employ migrant workers. Such enterprises 

increase the cultural diversity of these cities. This, in turn, encourages the proliferation of new firms and 

also leads to more innovative behaviour among the local firms. Similarly, firms producing differentiated 

outputs are also attracted to the large cities. Rapid advancements in technologies have drastically 

reduced the product life cycles, which has increased the pace of product evolution. These changes 

encourage firms to locate in agglomerated areas. The benefits of size, density, and diversity in large cities 

yield higher returns to capital. Moreover, scale economies reduce transaction costs in production by 

generating better labour market matching between available skills and job requirements. The greater 

availability of heterogeneous skills in the labour market decreases costly job search and imperfect 

matching. Therefore, complementarities in production yield higher returns to physical and human capital 

(Quigley, 1998). The emerging literature on the economics of diversity shares common roots with the 

consumption externalities literature (Florida, 2003; Clark et al., 2002; Shapiro, 2003).  

 

Consequently, the fifth mechanism through which immigration can boost innovation is through 

generating greater cultural diversity in the host economy. This diversity manifests itself both on the 

demand side and the supply side. Jacobs (1961) argues that the city is the engine of growth of the 

economy and immigrants are predominantly drawn to cities. The diversity one finds in cities in terms of 

the variety of commercial and cultural activities, and the ways in which new ideas and creativity are 

                                                           
35

 For instance, more than 130 nationalities are represented among the residents of Amsterdam, even though this 

city only has a modest population of about 800,000. 
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boosted in diverse urban environments, is highly beneficial for long-run development. Of course, the skills 

of these entrepreneurial people and the city’s resources should complement each other to create an 

enabling environment for creativity (Glaeser et al., 2010). Obviously, the variety of services provided in a 

city is enhanced by the presence of a culturally diverse society. Greater diversity also promotes diversified 

information spillovers across production sectors and processes (Glaeser et al., 1992). 

 

However, this does not necessarily imply that increasing diversity is always beneficial. While it can be 

shown that, even in the standard neoclassical model, the economic benefits of immigration for the host 

population tend to be larger, the more dissimilar that migrants and native-born are (e.g. Borjas, 1999), 

excessive diversity can increase transaction costs, reduce social capital and lead to social tensions (e.g. 

Alesina and La Ferrara, 2005). Bellini et al. (2008) review various studies that suggest that diversity is 

detrimental to economic growth. Clearly, the relationship between diversity and economic performance 

in general may have an inverted U-shape and an optimal level of diversity may be identified in specific 

cases (de Graaff and Nijkamp, 2010). However, in terms of the narrower focus of diversity and innovation, 

there is no a priori notion of excessive diversity, but the relationship could be nonlinear.  

 

As noted in Section 3.1, empirical evidence on the association between immigration and innovation has 

only emerged in recent years. Patent applications are often used as a proxy for innovation. A common 

feature of this empirical work so far is a strong focus on North America and highly-skilled immigrant 

populations. We review the US and Canadian evidence first. Hunt and Gauthier-Loiselle (2008) find that 

highly-skilled immigrants boost patenting at the state-level in the US without crowding out native 

patenting. Moreover, a college graduate immigrant contributes to patenting at least twice as much as 

his/her native counterpart does. This is clearly related to the disproportionate share of immigrants in the 

fields of science and engineering in the US. Chellaraj et al. (2008) use US time-series data to show that an 

increase in foreign students raises patent applications —more so than an increase in skilled immigration. 

A similar finding is also reported by Hunt (2009) by means of the 2003 US national survey of college 

graduates. She emphasizes that migrants who enter with student or trainee visas have better outcomes 

in wages, patenting, commercializing and licensing patents than native college graduates. Kerr and 

Lincoln (2010) and Kerr (2010) use an exogenous surge in the immigration of scientists and engineers in 

the US, due to the 1990 Immigration Act, as the means to identify the impact of immigration on the level 

and spatial patterns of US innovation. Especially the increase in Chinese and Indian patenting, referred as 

‘ethnic invention’, has a strong correlation with admissions of foreigners by the H-1B type of visa in the 

US. 

 

Zucker and Darby (2007) focus on the geographic movements of “star scientists” in the US and other 

countries that are ranked high in science and technology (S&T). They find a link between their 

movements and innovative activity in receiving countries and regions. Star scientists, many of whom are 

foreign-born, tend to cluster in particular places that also attract high-tech firms, and have a strong 

incentive and ambition to commercialize innovations. Zucker and Darby conclude that return migration 

and fewer opportunities for gifted students to remain in the US after graduation may be detrimental to 

firm start-up and growth in the S&T sector in that country. 
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Partridge and Furtan (2008) find that skilled immigrants from developed countries boost patenting in the 

provinces of Canada. They find that a 10 per cent increase in immigrants with a sufficient level of 

language proficiency increases the provincial patent flow by 7.3 per cent in Canada. Particularly 

immigrants with backgrounds from Western Europe and North America have such an impact. This 

highlights the importance of communication skills, as well as complementarities between immigrants and 

natives. Maré et al. (2011) use surveys of innovation activity reported by New Zealand firms (both 

product and process innovations) to check for a link with the presence of immigrants, and find that such 

an association exists at a broad spatial scale (labour market areas), but not at the level of local 

neighbourhoods in that country. 

 

Finally, Niebuhr (2010) shows how cultural diversity (in terms of workers’ nationalities) boosts patent 

applications across German regions. She uses the geography of prior immigration patterns as an 

instrument to identify the causal effect. The review of the available studies suggests that there is 

widespread, but not always robust, evidence of a positive link between immigration and innovation. 

Moreover, as noted earlier, this link has been rather under-researched in Europe. The present chapter 

aims to fill this gap.  

 

 

3.3 Data and Measurement Issues 

 

The major source of the data used in this study is Eurostat’s General and Regional Database.
36

 The 12 

European countries included in our data set are: Austria, Belgium, Denmark, France, Germany (western), 

Ireland, Italy, Netherlands, Portugal, Spain, Sweden, and United Kingdom. The data set contains 

information on 170 regions in those countries from 1991 until the year of most recently available data 

(mostly 2008-2009). It consists of five sets of indicators: (i) patent applications; (ii) population & labour 

force; (iii) immigration; and (iv) production structure & performance; and (v) geography (See Table 3.1). A 

separate document describes the data sources and modifications in detail and can be downloaded from 

the MIDI-REDIE project’s website (see Ozgen et al., 2010b).37  

 

The available data have several limitations. Firstly, data on patent applications to the European Patent 

Office (EPO) by regions are available only at the NUTS 2 level.38 This limits the analysis to this level, even 

though some regional information is available at the NUTS 3 level. Consequently, where data were only 

available at the NUTS 3 level, such data had to be aggregated to the NUTS 2 level. The aggregation proved 

to be very time-consuming, as the coding and classification of NUTS 3 regions have changed over time.  

 

                                                           
36

 The data used in this version of the chapter has been completely updated in line with Eurostat’s update of 

regional databases in June 2010. Therefore, the estimations and descriptive statistics are based on the updated 

version of the source information.  
37

 http://www.norface-migration.org/publications.php  
38

 The Nomenclature of Units for Territorial Statistics (NUTS) is a geocode standard for referencing the subdivisions 

of European countries for statistical purposes. The NUTS 1 level refers roughly to states or large regions, level 2 to 

provinces, and level 3 to counties.  
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The patent data: namely, patent applications to the EPO by IPC (International Patents Classification), are 

divided into eight sections.39 In the present chapter we consider only the aggregate of all patents summed 

over the various sections. Patent applications are regionally allocated according to the inventors’ place of 

residence. If there is more than one co-inventor, then a patent count will be equally divided by the 

number of inventors, which implies that fractions of a patent may be assigned to different regions and/or 

countries. This eliminates multiple counting and avoids overestimation of the importance of some regions 

as being the main generators of patent applications. The inventors of these patent applications are 

obviously not exclusively immigrants, and the data set includes both non-native and native applicants.40 

Given the fact that patent applications require a costly and time-consuming registration process, 

researchers face three major problems when using patents. Firstly, patent application procedures, which 

are determined by each country’s central government, may vary substantially between different 

countries (Furman et al., 2002). Secondly, the propensity to register innovations may be culturally 

dependent, because the microeconomic environment the firms operate is country as well as industry 

specific. Thus, based on the technology areas the producers are active in, some cultures may value 

formality –registration of innovations- more than the others. Thirdly, it is questionable that the 

residential location of the patent applicant always corresponds with the region where the impact is felt 

most strongly.  

 

The literature provides a range of theories on the geography of innovation, ranging from incubation 

theory to product life-cycle theory and diffusion theory (e.g. Davelaar and Nijkamp, 2004). Nonetheless, 

there is broadly consensus on the local determinants of innovation production (Gordon and McCann, 

2005). For instance, the demographic structure of the local population, and the information and 

institutional infrastructure drive the innovative potential of localities. Since innovations are indicators of 

the creativity of society, and have an economic value in terms of their impact on economic growth, 

considerable effort has been devoted to proxy visible innovations by means of patent applications or 

research grants. As a result of different classifications and intrinsic variability, it is generally accepted that 

patents are an imperfect proxy of innovation, although this would actually depend on the research task 

(Griliches, 1990). 

 

Another data limitation is that, although many variables are available annually for the period of 1990-

2008, the ‘share of foreigners in the population’ data (with ‘foreigner’ defined in terms of nationality or 

                                                           
39

 We use the EPO International Patents Classification (IPC) data to measure the patent applications per million 

inhabitants by priority year. The priority year refers to the first filing worldwide. This is therefore the year closest to 

the invention date. The total patent applications per million inhabitants used in this study consist of 8 IPC Sections: 

a) Human necessities, b) Performing operations; transporting, c) Chemistry; metallurgy, d) Textiles; paper, e) Fixed 

constructions, f) Mechanical engineering; lighting; heating; weapons; blasting, g) Physics, h) Electricity.  
40

 Although the patent applications database gathered from the Eurostat website is fairly complete, there are some 

missing values for the United Kingdom and some other countries. Due to data deficiencies, the two NUTS2 regions 

representing London had to be excluded. In most other cases missing values were imputed through interpolation by 

means of compound growth rates of patent applications. The compound annual growth rates (CAGR) are calculated 

over the largest possible period of time. For the selection of beginning/end values to calculate CAGR, we used 

beginning and end years that have no missing observations among the 170 regions.   
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country of birth) are available in some countries only in 1991 and 2001 from population censuses.41 

Moreover, the share of foreigners in the population could only be disaggregated by country of citizenship 

at the NUTS 2 level in 2001. Furthermore, no information is available on the skill levels of the immigrants 

at the NUTS 2 level, so we use the country of citizenship information as a proxy for the broad skills and 

the influence of culture that are specific to the country of citizenship. We created five major categories 

(Africa, America, Asia, Europe, and Oceania) as well as broader regional categories within the continents 

(e.g. North-America, North-Africa, Middle East, and Central and Eastern European (CEE) countries).  

 

No information is available on the time the immigrants have spent in the host country or region, the skills 

acquired in the process of integration into the host country, or on the number of foreign-born migrants 

who were subsequently naturalized. We measure the diversity effect of immigrants on the innovativeness 

of the host regions by means of a fractionalization index that is calculated on the basis of the regional 

population by country of citizenship.42 However, since the population by country of citizenship data set is 

available only for 2001, we cannot account for a change in diversity over the period 1991-2001.  

 

Data on human resources in science and technology as a percentage of the active population aim to 

measure the stock of aggregate knowledge in the regions. This knowledge acts as the major input in the 

production of new ideas. In general, real GDP per capita is used as a good indicator of the ability of 

regions to convert the available knowledge into economic value (Furman et al., 2002). Yet, considering 

the period of analysis, we observe that many regions that were non-existent on the innovation map in 

1990s appeared to be strong inventors in the following decade. For that reason, we use the GDP growth 

rate to account for the change in the aggregate technological improvement in the regions. Since the share 

of GDP devoted to R&D spending is quite constant over time, and often increasing with the development 

level of the region, the GDP growth rate is a good measure of increased resources that are available to 

the knowledge industries, rather than R&D expenditures themselves (Hunt and Gauthier-Loiselle, 2008; 

Kleinknecht et al., 2002).  

 

The size of a region’s population and its density are commonly used variables to account for the impact of 

agglomeration on innovation. Average population size captures the available resources, the scale of 

production of non-traded goods and services, and the market size of the regions. Additionally, population 

density facilitates face to face interaction, the exchange of ideas and labour pooling. The impact of 

density on productivity and innovation has been established by e.g. Ciccone and Hall (1996). The final 

demographic feature to be considered is the age composition of the population. Sub-national studies 

often find a positive correlation between the youthfulness of the population and regional economic 
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 The data for 1991 were kindly provided by Giovanni Prarolo at the NUTS 3 level. German data on the share of 

immigrants by citizenship are available only for western Germany, and the 2001 data were provided by IAB 

Nuremberg, using information from the social security administration. The data refer to people who are active in the 

labour market, but not to their families. An estimate of the foreign-born population is obtained by dividing the 

number of foreign-born workers by the regional labour force participation rate. This estimate of the foreign-born 

population in each German region is then used to calculate the share of immigrants in the population. 
42

 A major limitation of our measure of diversity is the absence of comparable data on the linguistic or ethnic 

diversity of the European regions. It is possible to extract some ethnic and linguistic diversity information from 

various sources mentioned in Alesina et al. (2003), but this information is available only at country level. 
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growth or innovation activity (e.g. Poot, 2008). Of course the causality may run from regional growth to 

age composition since fast growing regions attract young migrants. However, the age structure changes 

only very slowly so that this reverse causality is unlikely to be important in our 1991-95 and 2001-2005 

panel. We measure age composition by the fraction of the working population aged 25-64 that is aged 25-

44. 

 

We also obtained data on the ratio of the value added of services to the value added of the industrial 

sector in a region. We expect this variable to have a negative effect on patent applications, because 

patents are disproportionately generated in the high-end manufacturing sector.  

 

A final issue of importance is that of accessibility (e.g. Reggiani et al. 2011). Clearly, knowledge spillovers 

require face to face interaction, and the cost of travel between the various innovation clusters is likely to 

matter. The accessibility index used in this study was provided by ESPON.43 The theoretical assumption 

behind potential accessibility is that the attractiveness of a destination increases with the size of the 

population and decreases with distance, travel time, or cost. These aspects are combined multiplicatively 

to calculate the potential accessibility: 

 

   �� = ∑ 
�
�exp (−������ ),       (3.1) 

 

where Ai is the accessibility of area i, Wj is the opportunity (population) to be reached in area j; and ���� is 

the generalized cost of reaching area j from area i. Ai is the total of the activities reachable at all areas j, 

weighted by the ease of getting from i to each area  j. The interpretation is that the greater is the number 

of attractive destinations in areas j and the more easily areas j are reachable from area i, the greater is 

the accessibility of area i. In turn, the generalized cost  ����   is calculated as follows: 

 

 ���� = − �
� �� ∑ exp (−� �����),      (3.2) 

 

where cijm is the cost of travel by mode m between i and j, and λ is a parameter indicating the sensitivity 

to travel cost. This formulation of composite travel cost is superior to average travel cost, because it 

makes sure that the removal of a mode with higher cost (i.e. closure of a rail line) does not result in a — 

false — reduction in aggregate travel cost (ESPON, 2009). 

 

The information on all variables is summarized in Table 3.1. With respect to diversity, the view that this 

may have significant economic benefits has become stronger in recent years.44 Since the turn of the 

millennium, several studies provide fairly robust results between innovation and diversity, starting with 

Duranton and Puga (2000). Diversity and cultural coherence evolve over time and through interactions 

between people and places. In order to measure the impact of cultural diversity on an economy, we need 

to acknowledge that diversity is a multi layered concept, in which ethnic, linguistic, religious and personal 

perceptions of belonging overlap. Among these, ethnicity may be considered a general concept which is 
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 See ESPON (2009). 
44

 A good example is Page (2007). See also the review of this book by Ioannides (2010). 
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formed by common culture and ancestry. The other dimensions such as language or religion are sub-

types of ethnicity (Wimmer, 2008). Unfortunately, Eurostat data do not permit us to make such 

distinctions at the NUTS 2 regional level. The diversity effect is measured by means of the 

fractionalization index (Alesina et al., 2003), which is calculated as follows: 

 

 Divj =    1 − ∑ ���
� 

�!� ,        (3.3) 

  

in which sij is the share of the group i (i=1, ..., N) in region j.45 The index represents the probability that 

two individuals randomly selected from a sample will belong to different population groups. The 

minimum value of the index is 0 (complete concentration in one type), and the maximum value is 1-1/N. 

The natives are excluded from the diversity index calculations because diversity in the form of having 

immigrants represent is already captured by the share of immigrants in the population. In addition, 

natives represent the largest group in regions, which in turn leads to underestimation of the immigrant 

diversity. Finally, the diversity measure including natives is, using the NUTS 2 data, highly correlated with 

the share of foreigners, whereas the diversity index excluding natives is uncorrelated with the share of 

foreigners. Using the latter two variables allows us therefore to identify separate effects of migrant 

‘density’ and migrant diversity. 

 

 

3.1 Methodology and Econometric Modelling 

 

The nature of the data, a pooled cross-section of regional average characteristics, suggests that panel 

data techniques that account for heteroscedasticity, endogeneity, fixed effects and spatial spillovers are 

the most appropriate. However, the availability of data on the share of foreigners at only two points in 

time (1991 and 2001), and of data on the diversity among these immigrants at only one point in time 

(2001), limits the extent to which dynamic panel models can be utilized. Therefore, we devote most 

attention to specifications that take a longer time frame per observation: namely, two pooled cross-

sections of average patents (1991-1995 and 2001-2005). In this way we are also able to avoid the issue of 

having to specify serial autocorrelation in the presence of missing annual immigration data. Arguably, the 

longer time frame is also theoretically preferable since the impact of immigration on innovation is 

unlikely to manifest itself fully within a year (Griliches, 1990). 

 

Hence, the basic specification is as follows:  

 

lnPi,t = µ + mi,t’γ+ xi,t’β + εi,t εi,t ~ N(0, σ
2

i,t), (3.4) 

 

where Pi,t refers to the five-year average patent applications per million inhabitants in region i in period t;  

mi,t is the vector that measures the characteristics of immigration in a region; xi,t is a vector of control 

                                                           
45

 Alternatively, the fractionalization index is defined as 1−H, with H the Herfindahl index of concentration of 

observations in certain categories of a classification.    
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variables; µ is the constant; and εi,t is the error term. The coefficient vector γ  is of central interest in our 

analysis, and we assess the robustness of the estimates across different specifications. 

 

Table 3.1: The data used in the estimations 

  Indicators Code Measures NUTS Years Data source 

1 Patent 

applications 

p Total patent applications 

per million inhabitants 

(pmi) 

NUTS2 1990-2005 Eurostat, EPO 

       

2 Population & 

labour force 

ave Average population of the 

calendar year 

NUTS3/NUTS2 1990-2006 Eurostat 

  pd Population density (total 

pop/km
2
) 

NUTS3/NUTS2 1990-2005 Eurostat 

  hr Human resources in 

science & tech. as a share 

of active population 

NUTS2 1994-2007 Eurostat 

3 Immigration shfor Share of foreigners in total 

pop. 
NUTS3/NUTS2 1991, 2001 Eurostat, IAB, CENSI 

  index_b Fractionalization index = 1-

Herfindal index of 

nationality shares (excl. 

natives) 

NUTS2 2001 Own calculations 

  index Fractionalization index = 1-

Herfindal index of 

nationality shares (incl. 

natives) 

NUTS2 2001 Own calculations 

4 Production 

structure & 

performance 

smv Service sector value added 

divided by industry sector 

value added 

NUTS3/NUTS2 1990-2008 Oxford econometrics 

  gdpgr GDP growth rate (%) NUTS3/NUTS2 1990-2005 Oxford econometrics 

5 Geography w Weight matrix based on 

Euclidean distance 
NUTS2 - ETIS 

  mcdst Number of McDonald’s 

restaurants per million 

inhabitants 

NUTS2 2008 Own calculations 

  area Area of the regions (km
2
) NUTS2 1990-2005 Eurostat 

  access Accessibility index NUTS2 2009 ESPON 

Note: Full details on the data can be found in Ozgen et al. (2010b). 

 

As argued earlier in the chapter, there are five ways in which immigration can influence patent 

applications. They are: the population scale effect; the population density effect; the share of foreigners 

in the population; the skill composition of the migrant flow; and the diversity of immigrants (measured by 

their countries of citizenship, using the following breakdown: North Africa, Africa others, North America, 

America others, Middle East, Asia Others, Central and Eastern European (CEE) countries, Other European 

countries, Oceania, Others/unknown). Given the limitations of the data, we can only account for the 

varying skill and ability levels of immigrants by grouping migrants on the basis of various global regions. 
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An important problem in measuring the impact of immigration on innovation is the presence of two-way 

causation. Immigration is likely to be endogenous. Skilled migrants in particular, may be attracted to 

regions where per capita income is growing, where there is considerable R&D activity, and patent 

applications are likely to be increasing as well. We will use instrumental variables estimation to deal with 

a possible endogeneity bias. We, therefore, instrument immigration by exogenous variables. The 

instruments need to be correlated with immigration in the regions, but not with the error term of the 

model that explains the spatial, and temporal variation in patent applications.  

 

The literature review suggested that commonly used instruments are historical migration patterns, the 

initial share of immigrant high school dropouts, or one-off major changes in migrant admission policies. 

Here we propose a novel spatial instrument that has not been previously used. The instrument should be 

a good proxy for international connectedness and openness that may also signal the presence of 

migrants, while at the same time there is little association with local innovation.  For this, we searched for 

a multinational company that has ubiquitous establishments, but whose innovation is largely non-

spatially differentiated. The company must determine the location of new outlets predominantly on the 

basis of population size rather than income (given the correlation between income and R&D activity), and 

must be widespread all over Europe.46 The obvious candidate is the distribution of McDonald’s 

restaurants across NUTS 2 regions. Unlike in North America and in some other parts of the world, 

McDonald’s restaurants are considered in Europe to be a symbol of cosmopolitanism and a modern urban 

lifestyle among the young rather than simply a caterer of fast food to low income people. The choice of 

McDonald’s as an instrument fits in with the consumption externalities literature. The chain is associated 

with a lifestyle that is internationally connected and aims to serve a variety of people. McDonald’s is also 

a significant employer of unskilled migrants. Consequently, a higher number of McDonald’s restaurants in 

a region may be used a proxy for the openness and international connectedness of the region. It is worth 

to mention that the selection of McDonald’s has nothing to do with the kind of food offered by this chain 

restaurant; our interest is rather resting on the location choice of restaurants. On the other hand, the 

location of McDonald’s restaurants is not in any way driven by patenting.  

 

The data were collected from the McDonald’s country websites, using regional locators that provide the 

addresses of the restaurants closest to the specified locality. Given that the greatest concentration of 

McDonald’s restaurants is in large population areas, and that population scale is already a variable in the 

model, we adopt the number of McDonald’s restaurants per million inhabitants in the region as an 

instrument. The information relates to 2008. Diagnostic tests confirm the exogeneity of the instrument 

with respect to modelling patent applications. Capital cities are for many immigrants often the first point 

of entry to the destination countries. On the other hand, innovation levels are not necessarily higher in 

those cities than in other large cities. Therefore, a dummy variable that represents the location of capital 

cities of the countries among the NUTS 2 level regions provides a second instrument.47  

                                                           
46

 Opening new restaurants in the highly populated areas, but not necessarily high GDP areas, is also mentioned as a 

location choice strategy in the frequently asked questions section of the McDonald’s UK’s website. 
47

 There are two exceptions to using the capital city for defining the instrument. Given the absence of London data 

in our dataset, the UK dummy was set equal to 1 for the West midlands region. In the case of Spain, the dummy was 

set equal to 1 for Catalonia, given the prominence of Barcelona as a migrant destination in Spain. 
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Formal tests showed that the spatial distribution of McDonald’s restaurants and the capital dummy 

turned out to be strong instruments that explain 20 per cent of the cross-section variation in the share of 

foreign residents. Nevertheless, the capital cities are not by definition the most diverse areas. They may 

attract a large number of foreign short-term visitors rather than permanent residents. Indeed, the 

identification tests confirm that the capital dummy is a weak instrument for measuring cultural diversity. 

For that reason, we explore a better instrument which takes into account that the diversity of the regions 

depends on various economic, social and historical regional characteristics. Following Ciccone (2002), we 

use the total area of each of the NUTS 2 regions in km2 as an instrument, since the area of each of the 

regions is historically predetermined. An observed negative correlation between the area of each of the 

regions and cultural diversity suggest that smaller areas have greater labour market density and possibly 

labour force variety (regions that are dominated by universities are good examples, e.g. Oxford University 

in Oxfordshire and Cambridge University in East Anglia). The spatial distribution of McDonald’s 

restaurants and area of the regions appear to be strong instruments that explain about 13 per cent of the 

variation of the diversity index.  

 

Besides the issue of endogenous regressors, a pooled cross-section of regional outcomes should also take 

into account the possibility that the error term of the regression model is spatially correlated. There is a 

vast literature that argues, and provides evidence, that there are spatial knowledge spillovers, and that 

spatial proximity matters (Döring and Schnellenbach, 2006).  Although it can be argued that the flows of 

knowledge and ideas are invisible (Krugman, 1991), proximity may lead to more exchange. Consequently, 

patent activity in any given region may be positively affected by patent activity in surrounding regions. On 

the other hand, Bottazzi and Peri (2003) found that at the spatial scale of NUTS 2 regions, spatial 

autocorrelation was actually rather minor. Nonetheless, we include spatial econometric modelling in our 

robustness analysis. We use a row-standardized spatial weight matrix, with weights inversely 

proportional to the Euclidean distances between the centres of the regions. Before we report the results 

of both non-spatial and spatial econometric modelling in Section 3.6, we first provide some descriptive 

analysis in the next section. 

 

 

3.2 Descriptive Analysis 

 

The number of patent applications per million inhabitants of the NUTS 2 regions per year has more than 

doubled from 55.8 in 1991 to 121.9 in 2001. The distribution across the 170 regions is given in Figure 3.1 

for each year from 1990 until 2007.  
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Figure 3.1: Distribution of patent applications across NUTS 2 regions, 1990-2007 

 

 

There were 26.7 million immigrants (foreign citizens) living in the EU12 area in 2001. They represented 

7.2 per cent of the total EU12 population. The mean (median) share of immigrants in the population 

across the 170 NUTS 2 regions increased from 4.8 per cent (3.8 per cent) in 1991 to 7.2 per cent (6.0 per 

cent) in 2001. Compared with the traditional immigrant-receiving countries of North America and 

Australasia, the percentage of foreign-born is still relatively small in many European regions. 

Nevertheless, there has been a relative shift of the distribution of immigrants from Western Europe to 

Central and Southern Europe. In recent years, the latter countries have attracted a disproportionate 

share of new immigrants.48 Figure 3.2 presents the distribution of the share of foreigners by NUTS 2 

regions in 2001. The average across the EU12 regions (7.2 per cent) is also shown in this figure.  

 

 
Figure 3.2: Distribution of the share of foreigners in Europe in 2001 

                                                           
48

 For instance, the foreign-born share in Vienna, Austria, became one of the highest (see Table 3.3), while in Spain 

the share of immigrants increased from 0.1 per cent to 5 per cent. Similarly, Italy experienced an increase from 0.1 

per cent to 4 per cent over the same period. 
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Table 3.2 provides descriptive statistics for the two five-year period averages that constitute most of the 

analysis. The five-year averages of patent applications range from 0.2 to about 812 per million 

inhabitants. The share of foreigners ranges from 0.1 per cent to 28.6 per cent of the population. The 

diversity (fractionalization) index that excludes the native population (index_b) has an average value of 

0.494, with a range from 0.185 to 0.805. Including the native population, the index has an average value 

of 0.132, with a range from 0.031 to 0.533. 

 

Table 3.2: Descriptives – 170 NUTS 2 regions 

  

Variables  Mean Std.Dev. Min Max 

Patent applications per million inhabitants 1991-1995* 61.8 70.9 0.2 320.2 

Patent applications per million inhabitants 2001-2005* 127.5 128.5 1.3 811.9 

Share of foreigners in 1991 0.048 0.042 0.001 0.286 

Share of foreigners in 2001 0.072 0.042 0.016 0.273 

Ratio of services over industry value added 1991-1995* 2.47 0.98 0.96 7.74 

Ratio of services over industry value added 2001-2005* 3.09 1.34 0.85 11.03 

GDP growth rate (%) 1991-1995* 1.68 3.03 -5.24 11.59 

GDP growth rate (%)  2001-2005* 1.78 1.68 -1.49 8.11 

Average Population 1991-1995 (000s)* 1914 1582 116 10806 

Average Population 2001-2005 (000s)* 1988 1657 121 11313 

Human resources in S&T as % of active pop. 1991-1995* 29.83 7.19 12.36 55.02 

Human resources in S&T as % of active pop. 2001-2005* 34.88 6.83 13.42 55.16 

Accessibility index 2006 104.77 32.30 39.49 197.27 

Population density 1991-1995 (pop. per km
2
)*  335.84 648.81 3.12 5936.5 

Population density 2001-2005 (pop. per km
2
)* 345.00 655.02 3.30 6033.5 

Area of regions (km
2
) 1991-1995* 14905 19736 161 165079 

Area of regions (km
2
) 2001-2005* 14929 19767 161 165296 

Population aged 25-44 / aged 25-64  1991-1995* 0.5767 0.0293 0.4973 0.7101 

Population aged 25-44 / aged 25-64  2001-2005* 0.5634 0.0258 0.4871 0.6417 

Fraction of Africans 2001** 0.0073 0.0103 0.0004 0.0766 

Fraction of Americans 2001**  0.0041 0.0066 0.0002 0.0533 

Fraction of Asians 2001** 0.0069 0.0116 0.0002 0.0863 

Fraction of Central and Eastern Europeans 2001**  0.0052 0.0093 0.0001 0.0790 

Fraction of Other-Europeans 2001** 0.0467 0.0327 0.0084 0.1690 

Diversity index including natives in 2001 0.1321 0.0779 0.0312 0.5331 

Diversity index_b excluding natives in 2001 0.4945 0.1716 0.1853 0.8054 

McDonald’s restaurants per million pop. in 2008 13.49 7.08 0 33.64 

     

Notes: 
* 

The individual observations are the five-year averages of the annual values for each NUTS 2 region.
 **

The 

fraction of foreigners, from the given continents, among total population in 2001.  
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Our analysis period coincides with the fall of the Berlin Wall as well as the war years in the Balkans. Until 

1997 some countries, especially Germany, continued to welcome CEE (Central & Eastern-European) 

migrants with bilateral agreements to fill a gap in the labour market. Soon after the fall of the Iron 

Curtain, other Western countries implemented restrictions in mobility from the CEE and Balkan countries. 

However, a migration surge was nonetheless observed from these regions towards the West that 

followed established ethnic networks (Straubhaar and Wolburg, 1999). Besides this network effect, two 

other important drivers have played a role in the migration decision: geographic and linguistic proximity. 

Language skills have been a crucial factor in the choice of destination (Fassmann and Hintermann, 1998). 

There were relatively large migration movements from the aforementioned countries to Germany and 

Austria over the study period. Geographical proximity has also been a major factor in the migration 

decision. In a survey of 4000 people from the four largest countries of CEE49, 48 per cent of the 

respondents considered geographical proximity important, and 43 per cent of those considered presence 

of friends/relatives in the destination country central to their migration decision. In our measure of high-

skilled workers in the NUTS 2 regions, we are unable to separate out those who are migrants, but several 

studies emphasize the inflow of a substantial number of highly-skilled immigrants from CEE countries 

(Straubhaar and Wolburg, 1999).  

 

EU citizens living in another EU country than their country of origin make up the largest share (about 72 

per cent) of all foreigners in the EU12. Africans are the next largest group, followed by Asians and 

Americans. Internal mobility within the EU12 (the percentage of EU born living in another EU country) is 

only about 2.2 per cent in the study period (Peri, 2005). The five regions with the highest share of 

foreigners in 2001 are shown in Table 3.3. With the exception of the Province-Alpes-Cote d’Azur, they are 

large metropolitan areas: Brussels, Vienna, Paris and Stockholm. In these cities more than one sixth of the 

inhabitants have been born in another country. Table 3.4 shows the five most and the five least diverse 

regions, based on the diversity index (excluding the natives). It is clear that some of the most diverse 

regions are characterized by the presence of universities: Berkshire, Buckinghamshire and Oxfordshire 

(Oxford University), East Anglia (Cambridge University) and Surrey, East and West Sussex. Some of the 

least diverse regions can be found in Belgium and Portugal. It is clear from Table 3.4 that a high diversity 

does not necessarily imply a high share of foreigners and vice versa. For example, Hainaut in Belgium has 

a low diversity index (0.216) but the foreign population, predominantly Other Europeans, still constitutes 

nearly 12 per cent of the population. Moreover, even where immigrants come from different parts of the 

world, immigrants may be highly concentrated across a few source countries. For instance, despite 

immigrants having a large share of the population in Germany, almost 40 per cent of them originate just 

from two sources (Südekum et al., 2009). 

 

 

 

 

 

 

                                                           
49

 Czech Republic, Slovakia, Poland, and Hungary. 
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Table 3.3: Regions with the highest and lowest share of foreigners (shfor) in 2001 

 

2001 
NUTS 2 

Codes 
Regions 

Share of 

foreigners 

R
e

gi
o

n
s 

 w
it

h
 

h
ig

h
e

st
 s

h
fo

r 

BE1 Brussels 0.272 

AT13 Wien 0.236 

FR1 Il de France 0.180 

SE01 Stockholm 0.176 

FR82 Province-Alpes-Cote d’Azur 0.173 

R
e

gi
o

n
s 

 w
it

h
 

lo
w

e
st

 s
h

fo
r FR25 Basse-Normandie 0.029 

ES13 Cantabria 0.028 

FR52 Bretagne 0.028 

BE23 Flandre Orientale 0.027 

ES41 Castilla y Leon 0.026 

 

 

Table 3.4: The most and least diverse regions with respect to the continental shares of foreigners (%) in 

2001 

2001 
NUTS 2 Codes 

Regions 
Diversity index 

index_b 

Share of 

foreigners 

Afr  Ame Asi Eur Rest Total 

m
o

st
 d

iv
e

rs
e

 r
e

gi
o

n
s UKJ1 Berkshire, Bucks and 

Oxfordshire 

0.805 0.107 0.23 0.16 0.26 0.3 0.05 1.00 

ES23 La Rioja 0.781 0.053 0.24 0.31 0.10 0.35 0.00 1.00 

UKH1 East Anglia 0.775 0.063 0.11 0.23 0.22 0.39 0.04 1.00 

UKJ3 Hampshire and Isle of 

Wight 

0.775 0.062 0.16 0.13 0.31 0.36 0.04 1.00 

UKJ2 Surrey, East and West 

Sussex 

0.774 0.085 0.24 0.10 0.35 0.28 0.03 1.00 

le
as

t 
d

iv
e

rs
e

 

re
gi

o
n

s 

PT16 Centro 0.232 0.055 0.05 0.07 0.00 0.87 0.01 1.00 

PT11 Norte 0.225 0.040 0.05 0.06 0.01 0.87 0.01 1.00 

BE32 Hainaut 0.216 0.118 0.07 0.02 0.01 0.89 0.01 1.00 

BE34 Louxembourg 0.197 0.044 0.05 0.01 0.02 0.91 0.01 1.00 

BE22 Limbourg 0.185 0.080 0.06 0.01 0.02 0.91 0.00 1.00 

Note: For comparability the diversity index values given here refer to the continental shares instead of a complete 

breakdown into sub continents. 

 

The scatter diagram in Figure 3.3 suggests a positive relationship between patent applications and the 

share of foreigners. Linear regression lines are also presented. These show that the slope of the 

relationship has increased between 1991 and 2001 (the correlation coefficients are 0.33 and 0.48, 

respectively). However, it is clear from the 2001 values that the highest numbers of patent applications 

are not necessarily in the regions where the share of immigrants in the population is the highest. In any 

case, immigrants are not homogeneous, and those regions with the highest level of patent applications 

may be regions where the share of highly-skilled migrants in the population is the largest, even though 

the overall share of immigrants may be relatively low. Moreover, as patent applications have increased 

over time they have also become more dispersed. In 1991 innovation activity was still highly concentrated 

in particular regions, yet spin-offs from traditional patent-producing regions resulted in innovation 
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activity becoming more widespread in the EU12 by 2001 (see Figure 3.4). In the following section, we 

discuss our findings from multivariate analysis.  

 

 
Figure 3.3: Scatter plot for patent applications per inhabitants vs share of foreigners in the regions in 

1991 and 2001 

 

 
Figure 3.4: Patent Applications by Regions in 2001 
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3.3 Regression Results 

 

3.3.1 Standard specifications 

 

We noted earlier in the chapter that annual observations may not be the appropriate unit of 

measurement for considering the impact of immigration on innovation. Thus, we consider first how the 

share of foreigners in a year influences innovation activity in the subsequent five years, by using five-year 

averages of the variables that are included in the specifications reported in Table 3.5. This five-year 

averaging also controls for business-cycle effects, which are likely to have an influence on patent 

applications. Table 3.5 presents the results of three specifications of the pooled cross-section of the 

regional averages model.50 Specifications 3.5.1, 3.5.2 and 3.5.3 test, respectively, the migrant density 

(foreign share of the population) effect, the broad skill/ability composition effect and the diversity effect 

of migration on innovation. In all three models, we control for time and country effects to capture the 

influence of national institutions and trends.51 While the data set includes 12 countries, 10 country 

dummies are incorporated. The Netherlands is the default country and Denmark is omitted because it 

constitutes only one NUTS 2 region. All of the estimations also include controls for average population, 

GDP growth rate, regional specialization in services/industry ratio, stock of human capital in S&T fields in 

the regions, and, finally, accessibility of the regions. Robust standard errors are calculated to control for 

cross-sectional heteroscedasticity.   

 

 

 

As shown in Specification 3.5.1, the coefficient of the share of immigrants is statistically insignificant. This 

result suggests that the mere presence of foreigners in a region is not sufficient to induce innovation. 

Concerning the control variables, a 1 percentage point increase in the GDP growth rate leads on average 

to a 0.05 per cent increase in patent applications per million inhabitants. Average population size is a 

commonly used proxy for measuring the agglomeration, demand, and consumption potential of the 

regions. However, population size is not a significant factor that determines patent applications in the 

specifications in Table 3.5. The coefficient of the ratio of services over manufacturing value added is 

negative and statistically significant at the 1 per cent level. Thus, the economy of the regions specialized 

in the industry sector is more prone to producing innovation applications. Our measure of the stock of 

high-skilled human resources confirms the importance of the skilled workforce for the innovativeness of a 

region. A 10 percentage point increase in the percentage of human resources in science and technology 

fields in the economically active population increases patent applications by about 0.7 per cent. The 

effect is positive and significant at the 1 per cent level. We also find that high accessibility is an important 

factor in increasing patent applications. The accessibility indicator is highly significant at the 1 per cent 

                                                           
50

 All calculations have been carried out with Stata 11. 
51

 Given that our data consists of two waves (1991-95 and 2001-05) of cross-sectional data (170 NUTS2 regions), 

panel estimators could be considered in principle. However, the fixed effects estimator would omit key variables 

which are only available cross-sectionally at present, such as the diversity index. On the other hand, the random 

effects model is not the appropriate data generating process for our pooled regional averages. 
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level. The country-level dummy variables (not reported in Table 3.5) show that patent applications are 

significantly higher than average in Sweden and lower in Ireland and the Mediterranean countries.52  

 

 

Table 3.5: Pooled OLS estimation with period data (1991-1995 and 2001-2005) 

 
Dep.var.: ln(Patents) (3.5.1) (3.5.2) (3.5.3) 

    

    

Share of foreigners -0.942   

 (1.356)   

Diversity index_b
a
   1.578*** 

   (0.392) 

Africans  10.99*  

  (6.598)  

Americans  22.44*  

  (11.58)  

Asians  -15.78**  

  (6.859)  

Central & Eastern Europeans  19.82  

  (13.12)  

Other Europeans  -0.747  

  (2.039)  

Services/industry sectors value added -0.245*** -0.270*** -0.244*** 

 (0.0633) (0.0758) (0.0589) 

GDP growth rate 0.0520*** 0.0560*** 0.0563*** 

 (0.0189) (0.0195) (0.0186) 

ln(total population) 0.0572 0.0865 0.0678 

 (0.0613) (0.0613) (0.0582) 

Human resources in S&T 0.0669*** 0.0562*** 0.0592*** 

 (0.0103) (0.0100) (0.0102) 

Accessibility index 0.0133*** 0.0112*** 0.0113*** 

 (0.00237) (0.00233) (0.00218) 

Constant -0.191 0.0562 -0.446 

 (0.833) (0.839) (0.773) 

Time/Country FE Yes/Yes  Yes/Yes Yes/Yes 

N 340 340 340 

R-squared 0.795 0.804 0.803 

Notes: 
a 

This index includes only foreign population. Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * 

p<0.1,  

 

Specification 3.5.2 in Table 3.5 shows how the composition of the immigrant population, in terms of their 

nationalities, contributes to the innovation output of European regions. We impose the same model as 

before, but replace the share of foreigners by variables that measure the shares of various continents in 

the distribution of the migrant nationalities. We are also able to disaggregate the immigrant stock by 

narrower groups within the continents (North Africa, other African countries, America, Middle East, Asia 

                                                           
52

 The findings on covariates of the model are fairly robust and the coefficients are quite constant over all the 

following estimations. Therefore, we are not going to discuss those further, and the statistical output tables are 

available on request. 
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others, CEE, other European countries, Oceania, Other) but this does not yield notable additional results. 

Regions that have relatively many migrants from Africa and America have relatively more patent 

applications, while for regions with relatively many migrants from Asian countries the opposite is the 

case. The available data do not permit us to check whether such source region effects are due to skill 

differences or positive selection effects. The effect sizes of the coefficients of the control variables are 

mainly similar to those in Model 3.5.1. All variables are statistically significant at the 1 per cent level, 

except the average population.  

 

Specification 3.5.3 tests the influence of cultural diversity of the regional population. The coefficient of 

the fractionalization index is positive and statistically significant, which suggests that there are positive 

externalities in the form of greater innovation activity associated with culturally more heterogeneous 

societies. An increase in the diversity index by 0.1 (the mean value is 0.5, see Table 3.2) increases patent 

applications per million inhabitants by about 0.16 per cent. Almost all the covariates are significant at the 

1 per cent level, meaning that, even after controlling for the effect of various factors that boost 

innovation, the positive contribution of diversity survives; hence a diverse society enhances the creativity 

of the regions.  

 

To test for the robustness of our results, we consider a range of alternative specifications. These are 

reported in Table 3.6. First we replace the linear diversity effect by a quadratic form (see specification 

3.6.1 in Table 3.6). The quadratic turns out to be convex, with a minimum at about 0.4. At the mean, an 

increase in diversity by 0.1 increases patent applications per million inhabitants by about 0.2, which is 

similar to the result of the linear specification (3.5.4). The quadratic is plotted in Figure 3.5.  We conclude 

that at low levels of diversity (roughly in the lower quartile of the distribution) an increase in diversity has 

a negative impact on innovation, but beyond a critical point (0.4) the benefits from cultural diversity 

begin to appear. The upper quartile includes regions with major universities and R&D centres (see Table 

3.4).53  

 

We also report in Table 3.6 the joint effects of diversity and the migrant share of population on patent 

applications (see columns 3.6.2 to 3.6.4). In Specification 3.6.2 we show that once density and diversity 

measures are simultaneously included in the estimation, the diversity effect survives significantly at the 1 

per cent level, while we again do not find any effect of the share of foreigners. One may argue that this 

estimation just measures the marginal effects of the share of foreigners and diversity of regions on patent 

applications, whereas an interaction measure of those two may be more informative about the regions 

which have both high density and diversity values. Consequently, the interaction term of both effects is 

included in Specification 3.6.3. The coefficient of the interaction variable is negative and statistically 

significant at the 5 per cent level. The coefficients of both the density and the diversity effect are also 

                                                           
53

 When the diversity index is replaced with one that includes the native population, a concave quadratic emerges 

with a maximum at an index value of about 0.3 (the mean is 0.1, see Table 3.2). This would suggest a notion of 

“optimal diversity” (see also de Graaff and Nijkamp, 2010). However, because natives still dominate in all regions, 

the latter index is actually highly correlated with the share of foreigners in the population and simply signals that 

increasing immigration is not necessarily associated with higher innovation. This is confirmed by the other 

specifications in Table 3.6. 
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statistically significant. It can be shown that at the mean diversity level, increasing the share of foreigners 

in the population lowers patent applications slightly. 

 

Table 3.6: Sensitivity Checks1 

 

Dep.var.: ln(Patents) (3.6.1) (3.6.2) (3.6.3) (3.6.4) 

     

     

Share of foreigners   -0.0787 7.834** -3.217 

  (1.377) (3.232) (2.335) 

Diversity index_b -5.666*** 1.574*** 2.464*** 1.842*** 

 (1.507) (0.391) (0.535) (0.562) 

Interaction of shfor*index_b   -17.50***  

   (6.596)  

Diversity index_b squared 7.548***    

 (1.608)    

Ln(total population) 0.063 0.068 0.061 0.093* 

 (0.058) (0.058) (0.057) (0.057) 

Population density    -0.0003** 

    (0.0001) 

Youthfulness of pop.     -3.212** 

    (1.509) 

Other Europeans    8.221** 

    (3.720) 

Constant 1.187 -0.454 -0.960 0.807 

 (0.824) (0.810) (0.790) (1.251) 

Time/Country FE Yes/Yes Yes/Yes  Yes/Yes Yes/Yes 

N 340 340 340 340 

R-squared 0.813 0.803 0.807 0.825 

Notes: 
1
 The estimations in this table include the following covariates: services/industry sectors value added, GDP 

growth rate, ln(total population), human resources in S&T, accessibility index. Additionally, Africans, Americans, 

Asians and Central & Eastern Europeans categories are included in the fourth estimation, but they are not reported 

in column (6.4) to save space. All the latter coefficients are statistically insignificant. Robust standard errors in 

parentheses, *** p<0.01, ** p<0.05, * p<0.1. 

 

 

The last estimation of Table 3.6 reports the results for all of the five possible effects of immigration on 

innovation (outlined in Section 3.2) jointly. They are: population scale, population density, the share of 

foreigners, the diversity among foreigners, and the average broad skill/ability level of foreigners proxied 

by region of origin. As noted earlier, the source country distribution is the only statistical information in 

the data set that we can relate to the skills of migrants and the potential impact of specific cultural traits 

on innovation. The statistical insignificance of the coefficients in the presence of a diversity index does 

not imply that skills don’t matter; instead it is merely a reflection of the citizenship dummies being weak 

proxies to signal skill levels or source-region specific selection effects. 
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Figure 3.5: Estimated effect sizes for diversity index (excluding natives) 

 

 

The result in column 3.6.4 shows the strong positive impact of the diversity index; hence this effect is 

consistent and positive in all the regressions. Thus, the cultural composition of the immigration flow does 

matter in stimulating more patents in a region.  Secondly, an increase in the share of foreigners from 

other European countries (excluding Central & Eastern Europe) boosts regional patent applications. This 

group of foreigners is more likely to have higher education, and there is a long shared history between 

these European countries which might improve economic and social integration. We do not find a 

particular effect of foreigners from other parts of the world on patent applications. The population scale 

effect is significant (but only at the 10 per cent level), which suggests an agglomeration effect. The age 

composition variable is, contrary to expectations, negative. This may in fact simply signal an urban/rural 

distinction. In  a European cross-section, rural regions tend to have higher fertility (e.g. Poot and Siegers, 

1992) and therefore possibly a more youthful population structure. The population density effect is also 

significant but has a negative sign.  Although this negative coefficient may seem at odds with the 

anticipated benefits of high urban density, at the scale of our research high regional density may not 

necessarily coincide with innovativeness. For example, many innovation centres are on the outskirts of 

the cities. Lastly, the coefficient of share of foreigners is negative but statistically insignificant. Taking 

specification (3.6.4) as the most informative, we now proceed to control for potential endogeneity, and 

spatial dependence. 

 

3.6.2. Controlling for potential endogeneity 

 

Table 3.7 reports the results of the 2SLS estimations of the OLS model. Specification tests report the 

number of McDonald’s restaurants per million inhabitants, and the capital dummy as strong instruments 

(F-test > 10) with an explanatory power of about 20 per cent of the cross-section variation of the share of 

foreigners in regions in specification (3.7.1) and of the diversity index that includes natives and foreigners 

in specification (3.7.2). Diagnostic tests confirm the exogeneity of the instruments. The results tell a 
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qualitatively similar story. It is noticeable that the impact of immigration on innovation in (3.7.1) and of 

the highly similar diversity index in (3.7.2) are both still insignificant, as it was in the corresponding OLS 

results reported in Tables 3.5 and 3.6.   

 

Concerning cultural diversity among foreigners, we argue that this is not endogenous in a model of 

innovation. The cultural composition of the immigration flow is closely linked to exogenous national 

policies and historical migration patterns and not current innovation activity. However, if we include the 

natives in the measurement of diversity index (as in specification 3.7.2), the index variable certainly 

reveals a reverse causality problem with patent applications, due to the fact that innovative regions do 

attract more migrants per se.  We treat this problem through IV estimation for the diversity index that 

includes natives, while we also include the diversity index excluding natives in this estimation to show 

that they are measuring different compositional patterns in regions (the simple correlation coefficient of 

these two indices is only -0.1370). The results show that the coefficient of the diversity index is 

insignificant, while the diversity index that excludes foreigners is highly significant at the 1 per cent level 

and again in value close to 2. The IV estimations include all the other control variables, and time/country 

fixed effects as the other specifications do. Therefore, the IV results do not overturn the OLS findings. 

 

Table 3.7: Instrumental Variables Estimations1 

 

Dep.var.: ln(Patents) (3.7.1) (3.7.2) 

   

   

Share of foreigners -7.005  

 (7.283)  

Diversity index
α
  3.355 

  (4.540) 

Diversity index_b  1.835*** 

  (0.493) 

Constant -0.915 0.103 

 (1.179) (1.098) 

Time/Country FE Yes/Yes Yes/Yes 

N 340 340 

R-squared 0.783 0.803 

Notes: 
1
 The estimations in this table include the following covariates: services/industry sectors value added, GDP 

growth rate, ln(total population), human resources in S&T, accessibility index. 
α
 This index includes the foreign and 

native population. Share of foreigners is instrumented with spatial distribution of McDonald’s restaurants per 

million inhabitants and a capital dummy, while the diversity index is instrumented with the former, and area of the 

regions. Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1. 

 

3.6.3 Spatial econometric analysis 

 

Agglomeration economies, knowledge spillovers, and the role of proximity suggest that spatial effects in 

innovation are crucial. We generally expect that diffusion of technology is faster among regions that are 

close to each other. This effect may result from a supply-side externality (Vaya et al., 2004). Moreover, 
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omitted spatially-correlated exogenous variables and random shocks coming from neighbouring regions 

may influence the outcomes of regions in close proximity (Fingleton and Lopez-Bazo, 2006). On the other 

hand, Bottazzi  and Peri (2003) do not find strong evidence of spatial autocorrelation at the NUTS 2 level. 

Nonetheless, we account for spatial autocorrelation by a re-estimation of the previous results by using 

spatial econometric models.  

 

It is a common practice to use spatial weight matrices that are based on the pairwise distances between 

the cross-sectional units. The spatial weight matrices specify a form of proximity or similarity (Larch and 

Walde, 2008). As noted earlier, we calculated a row-standardized spatial weight matrix where we used 

the Euclidean distances between the centres of the regions. Becase of the panel nature of our data, the 

spatial weights matrix is block diagonal with positive spatial correlation and zero temporal correlation.  

The impact of spatial error model is best illustrated by taking specification (3.5.1) as the starting point. 

We first omit the country fixed effects from this model and test the OLS residuals for spatial 

autocorrelation by means of Moran’s I statistic. This suggests the presence of strong spatial 

autocorrelation in innovation modelling. Five tests have been performed to assess the spatial 

dependence in the model. The choice of the econometric specification is based on the statistical 

significance of the test statistics (Florax and de Graaff, 2004). Given heteroscedasticity of the errors in the 

model, robust tests are to be preferred. The robust Lagrange multiplier test indicates the presence of 

spatial autocorrelation in the error terms and the null hypothesis that the λ=0 is rejected at the 1 per cent 

level (LM: 14.95, p-val.: 0.000). The existence of spatial correlation in the error component suggests that 

the independence of the observations is violated.54 An omitted variable bias due to the omission of a 

spatially correlated unobserved effect from neighbouring regions may lead to erroneous estimations.  

 

Table 3.8 summarizes the result of replacing specification (3.5.1) with the spatial error model. 

Interestingly, we now find a positive effect of the share of foreigners but it is barely significant. The 

coefficients of the industrial composition, the stock of human resources in science and technology and 

the accessibility index are again significant at the 1 per cent level. In contrast, the GDP growth rate is no 

longer statistically significant. The parameter of spatial error process is about 0.75. However, once we 

reintroduce the ten country fixed effects, it can be shown that spatial autocorrelation is no longer 

statistically significant and the coefficients are very similar to those already reported. The same result 

holds in the other specifications of Tables 3.6 and 3.7. While estimators have now been developed that 

jointly account for endogeneity and spatial dependence (for example, Kelejian and Prucha, 2004), the fact 

that IV estimation in Table 3.7 did not overturn the OLS results, plus the statistical insignificance of the 

spatial error and lag model in the presence of time and country fixed effects, suggests that nothing is to 

be gained from such more advanced estimators. Instead, the next section draws the broad conclusions. 

 

 

                                                           
54

 The spatial error model estimates the following equations, under the assumption that there may always be 

spatially-correlated measurement error in the estimations, since one cannot model all the aspects of a region, e.g. 

the boundaries, natural resources and the climate of study areas may not overlap with the NUTS 2 areas.  

y = Xβ + ε; ε = λWε + ν; v ~N(0,σ2
); λ is spatial lag autoregressive parameter; W is a spatial weight matrix; and ν 

are independently distributed errors.   
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Table 3.8: Estimations of Spatial Effects 

 

Dep.var.: ln(Patents) (3.8.1) 

  

  

Share of foreigners 3.458* 

 (1.861) 

Services/industry sectors value added -0.319*** 

 (0.0795) 

GDP growth rate 0.0200 

 (0.0241) 

ln(total population) -0.0624 

 (0.0667) 

Human resources in S&T 0.0861*** 

 (0.0128) 

Accessibility index 0.0144*** 

 (0.00263) 

Constant 0.579 

 (0.998) 

Time/Country FE Yes/No 

N  340 

Lambda 0.751*** 

 (0.151) 

LR  -465.2 

LM  21.51 

Note: Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0. 

 

 

3.4 Conclusion 

 

This chapter has discussed the various effects of immigration on the innovativeness of the regions. We 

estimated five different effects that might occur as a result of the increasing number of foreigners in 

particular locations. We specifically considered the influence of population scale, population density, 

migrant share, the (proxied) skills composition of migration, and the diversity among foreigners. To 

address various econometric issues such as omitted variable bias, endogeneity and spatial dependence, 

robustness checks were conducted through varying the specifications, introducing instrumental variables 

and estimating a spatial error model.  

 

The econometric results of this chapter are supportive of the view that Jacobs’ externalities are 

important. In other words, cross-fertilization of ideas in a diverse urban area creates a contextual 

environment where more ideas are produced and turned into innovative outputs. The two important 

findings of this work are: firstly, the regions with relatively many immigrants do not have a positive or 

negative impact on the production of a higher number of patent applications; and secondly, the diversity 

of abilities brought by the immigrants may be beneficial and complementary to the native workers in the 

host regions. These results hold even after robustness checks with IV and spatial estimation. The varying 

degrees of cultural differences in terms of horizontal differentiation create opportunities for culturally 

diverse regions. However, we also found that there is a critical point beyond which these benefits from 
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diversity may begin to occur. Among the NUTS 2 regions, this point occurs beyond the first quartile of the 

diversity distribution. For the benefits gained from diversity to appear, diversity among foreigners living 

and working in a particular locality needs to be above a threshold level. We also conclude that the index 

of fractionalization that is commonly used to measure diversity, namely the one that includes the native 

born population, is not an appropriate measure of the intended diversity effect. Instead, it simply proxies 

(and is highly correlated with) the share of foreigners in the population, i.e. just the ‘exposure’ of natives 

to foreigners rather than the diversity among the latter. 

 

Innovation is strongly driven by industrial composition, GDP growth, human resources in science and 

technology, and accessibility. Hence higher competitiveness and availability of knowledge spillovers in a 

culturally diverse setting contributes to the innovativeness of the regions in Europe. We found that 

immigrant groups from certain source regions have a more positive and significant effect on patent 

applications than those from other regions. However, better data are needed to study how a variation in 

the composition of the immigrant flow may affect the economic output on the host economy.  

 

Generally, we had considerable data availability problems at the NUTS 2 regional level that impede us 

from pursuing more comprehensive research on this topic. However, the available data do permit an 

analysis of the impact of immigration on innovation by patent type, which will be conducted in future 

research. More generally, analysis at the micro-level may be more fruitful and we have already 

commenced research along these lines, combining firm data on innovation with matched data on 

employee characteristics in The Netherland. This research is reported in the next three chapters. Such 

research may be helpful in designing immigration policies which can ensure the best economic and social 

outcomes. Such targeting based on perceived host country outcomes is already the main motivation for 

the points systems that are used to select skilled migrants in Australia, Canada, New Zealand, and the 

United Kingdom.  
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4. The Impact of Cultural Diversity on Firm Innovation: Evidence from Dutch 

Micro-Data55 
 

 

 

 

 

 

 

 

4.1 Introduction  

 

One of the major mechanisms for the diffusion of knowledge is the mobility of people. The geographic 

mobility of labor relocates human capital and its embodied knowledge and personal experiences (Döring 

and Schnellenbach, 2006). The importance of this knowledge transfer is increasing. The global economy is 

creating an unprecedented demand for a diversified and open-minded work force while highly-skilled 

workers are seeking opportunities to enhance their human capital further and increase their income and 

experience. For example, an estimated 900,000 highly-skilled professionals entered the US between 1990 

and 2000. Moreover, temporary workers account for one-sixth of the total IT workforce in the US (OECD, 

2002). Such phenomena increase the rate of circulation of talent over space and across firms, leading to 

much greater diversity of the workforce than a few decades ago. Today, large, and often export-oriented, 

companies are seeking knowledge workers from all over the world (Saxenian, 2006; Page, 2007). For 

example, multinational firms transmit knowledge in the form of the experience and work practices by 

means of their internationally transferred employees. It is an important question for firms and for 

governments to ask whether there are productivity-enhancing impacts from this growing diversity within 

firms.  

 

A recent branch of migration literature has been focusing on the association between innovation and the 

presence of foreign workers. This literature, reviewed in, e.g., Ozgen et al. (2012), has tended to treat 

immigrants as a rather homogeneous group of employees. Potential skill complementarities and ethnic or 

                                                           
55

 This research is part of the Migrant Diversity and Regional Disparity in Europe (MIDI-REDIE) project, funded by the 

NORFACE research program Migration in Europe – Social, Economic, Cultural and Policy Dynamics. I am grateful to 

Henri de Groot, Dave Maré, members of the MIDI-REDIE team, participants at the 50th European Congress of the 

Regional Science Association International, Jönköping, Sweden, 19-23 August 2010, and at the international 

conference Migration: Economic Change, Social Challenge, University College London, 6-9 April 2011, for comments 

on an earlier version of the chapter. Earlier version of this chapter is available as IZA Discussion Paper (Ozgen et al., 

2011) and has been invited to be revised and resubmitted to IZA Journal of Migration. 
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cultural backgrounds of employees have often not been explicitly taken into account. Most studies use 

various firm characteristics as determinants of innovation and estimate a so-called knowledge production 

function (e.g., Audretsch and Feldman, 2004; Cohen and Levinthal, 1990). Such studies have often 

overlooked the characteristics of individual employees. The latter are clearly needed to assess the impact 

of employee diversity on the innovativeness of firms. To date – with the exception of Parotta et al. (2011), 

Lee and Nathan (2010), Simonen and McCann (2008) and Almeida and Kogut (1999) – there has been very 

little empirical evidence that takes the presence and characteristics of foreign employees into account in 

identifying the determinants of innovation at the firm level. Consequently, in this chapter we focus on the 

effects of foreign employees with diverse backgrounds on firm innovation.  

 

We utilize high-quality linked employee-employer data at the firm-level, obtained from four different 

collections provided, in a secure environment and under a confidentiality agreement, by the Central 

Bureau of Statistics for the Netherlands (hereafter Statistics Netherlands). We combine survey and 

administrative information that relates to the period 2000-2002. We study by means of the resulting 

unique micro-dataset of 4582 firms whether the presence and relative numerical importance of migrants 

among the firms’ employees influences the firm’s self-reported innovation. We also test whether cultural 

diversity among these migrants is more conducive to innovativeness. Clearly, cultural diversity is a 

multidimensional concept (Wimmer, 2008), influenced by many factors (e.g. language, ethnicity, religion, 

identity, etc.). Due to data restrictions, we frame and proxy cultural diversity among employees simply by 

birthplace, but allocate birthplaces to culturally distinct groups. While this approach never fully 

represents cultural diversity, it has the advantage that birthplace information is objective and time 

invariant. The benefits for innovation obtained from a culturally diverse workforce are expected to be 

larger in sectors that employ high-skilled migrants and we account for this by excluding in some 

regressions sub-sectors that employ predominantly unskilled migrants. 

 

Our study is the first to analyze innovation effects of foreign employees by means of a representative 

micro dataset at the firm level in the Netherlands. A potentially important issue is that of reverse 

causality. Foreign workers may seek employment in firms that are known to be innovative if they perceive 

that diversity will be particularly valued in such firms and that such firms are expected to offer excellent 

career prospects. We address this issue by an instrumental variables (IV) approach to foreign 

employment that uses the historical distribution of immigrants and past culinary diversity of the 

community the firm is located in. We exclude the hospitality sector in IV regressions of innovation 

(because in that sector the instruments would be correlated with the error term) and find that the 

instruments are adequate for the other sectors, with the overidentifying restrictions satisfied.  

 

We proceed as follows. The next section briefly reviews a range of channels through which the 

employment of immigrants can impact on firm innovation. Section 3 then describes the strategy we adopt 

to identify the net effect of the presence and cultural diversity of immigrant employees on the responses 

firms give in the Netherlands Community Innovation Survey. The data are outlined and summarized in 

section 4. Section 5 reports the results of regression modelling and a range of feasible robustness checks, 

while section 6 sums up.  
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4.2  Theoretical Linkages between Immigration and Innovation 

 

An innovation is primarily the introduction of something radically new in the operations of a firm, 

obtained by means of analytical knowledge. The improvement of an existing product or the modification 

of an existing process or organizational arrangement can also be viewed as an innovation. All industries 

and sectors can be innovative, since innovation is more than R&D activity. Technological advances come 

from things that people do (Romer, 1990). Many worker characteristics, such as age, education, 

occupation, cultural background and language may affect knowledge acquisition and worker mobility 

(Poot, 2008). Current knowledge is the outcome of accumulated efforts. Each inventor begins from where 

its predecessors left off. The inventor explores the latest generation of products, and makes use of 

market knowledge that embodies a cumulative investment in time to develop products and processes 

(Grossman and Helpman, 1994). The presence of foreigners with diverse backgrounds in a labor market 

may serve to enrich this cumulative effort.  

 

There have been many studies that have analyzed the impact of infrastructural and organizational 

aspects of firms on innovativeness. The importance of ideas rather than physical assets has only recently 

entered the innovation research agenda (Jones and Romer, 2010). The biggest change in the recent 

scientific literature is that it is now not the firm but the employees that are seen as a major source of 

innovation. One key focus of this new approach is the impact of foreign workers on the innovativeness 

and productivity of host firms and countries. Thus, one branch of this literature analyses the impact of 

foreign entrepreneurs, students and inventors on innovation (Stuen et al., 2012; Kerr, 2010; Kerr and 

Lincoln, 2010; Hunt and Gauthier-Loiselle, 2008; Lobo and Strumsky, 2008; Zucker and Darby, 2007; and 

Faggian and McCann, 2006). Evidence of spillover benefits from skilled foreigners joining an organization 

applies even to professional sports (see Alvarez et al. 2011). Another branch of this literature discusses 

the innovative and productive effects of externalities created by clusters of immigrant groups with 

diverse cultural backgrounds in particular regions (Ozgen et al., 2012; Niebuhr, 2010; Mazzolari and 

Neumark, 2009; Südekum et al., 2009). A major focus of this type of study is the average effect of 

immigrant diversity on regional productivity or innovation.  

 

The most common methodological approach to analyzing the innovativeness of firms has been the use of 

a knowledge production function (KPF) (Acs et al., 2002). This approach considers the number of R&D 

workers and the quantity of human capital generally (mostly accounted for by the educational attainment 

of the employees) as inputs into innovation, no matter what cultural background the workers have. A 

common KPF specification is as follows:  

 

 

ii i iI RD HK
β γα ε= ,          (4.1) 

 

where the dependent variable I is the degree of innovative activity; the RD variable denotes an index of 

all kinds of R&D inputs; and HK represents an index of human capital inputs. The subscript i refers to the 
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unit of observation, which is usually a firm or an establishment, and the parameters are estimated by log-

linear regression. 

 

However, the spatial dimension of innovation activity has led researchers to focus on the external forces 

and internal features of firms that stimulate innovation. Numerous studies scrutinized the significance of 

the external environment of a firm in terms of demand-supply links, industrial clusters, and diversity of 

production. The studies on the internal features of a firm emphasize the importance of a firm’s resources 

for innovation, such as R&D expenditures and the presence of high-skilled workers. While the location of 

a firm matters in order to benefit from locally produced knowledge, the absorptive capacity of a firm 

determines whether this available information will be utilized, improved and turned into creative outputs 

(Cohen and Levinthal 1990; Caragliu and Nijkamp 2011). This absorptive capacity may depend on the 

diversity of firm employment. Studies of inventors and their networks highlight the significance of spatial 

proximity, and knowledge exchange among diverse groups of inventors (e.g. Agrawal et al., 2008). 

However, very few studies undertake their analysis at the establishment level, the smallest local 

production unit where the transfer of tacit knowledge is most likely to take place. Establishments can 

import new knowledge via employing ‘talent’ that already embodies such knowledge. Some firms are 

more likely to hire a foreign workforce, for example because they produce a wide range of products and 

services or because they sell to a wide range of countries (multinationals like Google are a perfect 

example). Alternatively, spatial proximity of talent at the firm’s location may provide a critical mechanism 

for knowledge flows. Hence, firms may benefit from the presence of accumulated knowledge in their 

vicinity, and this knowledge may be enhanced by a diverse community.  

 

We conclude that there are various positive impacts of cultural diversity on the innovativeness of firms 

that operate at the firm level as well as at the local community level. These benefits of cultural diversity 

are summarized in Table 4.1. Besides knowledge spillovers from ideas and practices, the benefits of 

cultural diversity also include trade facilitation through networks, trust and institutional knowledge. 

Moreover, migrants may be positively self-selected in terms of intelligence, creativity, willingness to take 

risks, and entrepreneurship. They help reduce shortages/vacancies of key personnel. Additionally, they 

tend to be relatively young, which increases mobility and creativity. Their resilience may enhance decision 

making under uncertainty (e.g. Page, 2007). 

 

However, beyond these positive effects of immigrants at the firm level there are also positive external 

effects at the community level.  These effects are also included in Table 4.1. Positive externalities include 

the role of cultural diversity as an amenity:  an increased demand of ethnic goods and services in the 

community which local firms can aim to satisfy. Additionally, local population growth through 

immigration contributes to agglomeration advantages, greater aggregate demand and additional gross 

fixed capital formation, with new technology embodied in new capital. Diversity may also improve 

community cohesion when bridging-type social capital formation leads to cross-cultural cooperation. 

Such positive externalities may contribute to an innovative ‘milieu’. 
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Table 4.1: The Impacts of Immigration on Innovation: a Classification of Channels of Influence 
 

Positive Channels Negative Channels 

Within Firm 

  

• Positive self-selection of immigrants:  
e.g., intelligence, creativity, willingness 

to take risks, entrepreneurship, “star” 

knowledge workers (e.g. trained in host 

country universities) 

• Youthfulness of immigrants: increased 

mobility, creativity, progressivity 

• Cultural diversity among immigrants: 
knowledge spillovers, new ideas and 

practices, trade facilitation (networks, 

trust, institutional knowledge) 

• Resilience of immigrants: enhances 

decision making  

• Immigrant supply enables firm 

expansion: reduces shortages/vacancies 

of key personnel 
 

 

• Fractionalization of employees: cultural 
and language differences and barriers, 

leading to communication problems, less 

trust, greater potential for conflict 

among staff, discrimination 

• Greater labour intensity of production: 

lower reservation wages of immigrant 

workers lead to lower wage costs and, 

hence, lower capital investment in the 
short run (substitution effect), possibly 

offset by firm expansion in the long-run 

(output effect) 

 

Externalities 

 

• Cultural diversity as an amenity:  

increased availability of ethnic goods and 

services in the community 

• Population growth:  agglomeration 

advantages,  greater demand and gross 

fixed capital formation, with new 

technology embodied in new capital 

• Community cohesion: bridging-type 

social capital leads to cross-cultural 

cooperation 

 

 

• Sorting: Residential and labour mobility 

leads to greater spatial segregation: less 

cross-cultural relations and trade, lower 

spatial mobility and knowledge transfers  

• Polarisation: Bonding-type social capital 

leads to between-group conflicts 

• Representation: Political fragmentation 
and instability 

 

 

 

On the other hand, the literature – such as reviewed by Alesina and La Ferrera (2005) – also points to a 

range of potentially detrimental effects of ethnic or cultural diversity, both at the firm level and as an 

externality in the community. A negative impact of migrant diversity is the possibility of fractionalization: 

cultural and language differences and barriers can lead to communication problems, less trust, greater 

potential for conflict among staff, and discrimination of minorities. Such conditions may hamper 

innovation. Moreover, the greater labor intensity of production, which is a rational response to lower 

wages paid to immigrant workers, may lead to lower capital investment in the short run (substitution 

effect), although this can possibly be offset by firm expansion in the long-run (output effect). Additionally, 

the spatial sorting of native born and immigrant workers at the community level can lead to greater 
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spatial segregation. This may imply less cross-cultural relations and trade, and lower spatial mobility and 

knowledge transfers in the long run. Additionally, “within group” bonding-type social capital formation 

can lead to “between group” conflicts and polarization. Finally, diverse communities may exhibit political 

fragmentation and instability that discourage innovation. 

 

To date, no empirical research has yet been able to separate these different channels of influence of 

cultural diversity on innovation. The results that are reported later in the chapter must therefore be 

interpreted as providing evidence of a net effect, or balance of effects. It is clearly a challenge for future 

research to identify the importance of each of the channels described above and summarized in Table 

4.1.  

 

4.3 Empirical Strategy 

 

In this section, we briefly explain the approach used by Statistics Netherlands to sample firms in the 2000-

2002 survey of innovation, called Community Innovation Survey (CIS) 3.5, which provides the anchor of 

our empirical strategy. We also provide details of how the sample was modified. Finally, we describe the 

econometric modelling methodology used.  

 

To create the sample used for CIS 3.5, Statistics Netherlands selected firms from the General Business 

Register. Only firms with SBI (business activity code) 1 through 74, 90, 92 and 93 were included. The 

excluded codes refer mainly to public-sector and NGO-type of activities. A further selection was made 

based on firm size. Firms employing less than 10 persons were not included in the sample. Firms 

employing more than 50 persons were all included in the sample. For firms employing 10 to 50 persons, 

only a fraction was randomly selected into the sample. The size of this fraction depends on the SBI code 

and firm size. After the survey, a weighting factor is calculated per stratum. A stratum is defined on the 

basis of two indicators: the 2-digit SBI and firm size.56 

 

Given that the key variable of the innovation survey is binary (a firm has conducted innovative activities 

or not), we utilize a linear probability model for ease of interpretation of marginal effects with respect to 

the impact of foreign workers on innovation. We also estimated probit models which yielded highly 

similar results that can be provided upon request. The probability that a firm reports any innovation is in 

our model a function of various firm characteristics, with the emphasis on the composition of employees 

(for summary statistics see Table 4.2).  

 

 

                                                           
56 To correct for a possible sample selection issue, we reweight all of our observations by using the total sum of 

weights for each stratum in the CIS 3.5 based on the two criteria given in the text. Therefore, it is possible to 

compare the distribution of firms in our sample with that of the population. This exercise reveals that our 

estimations are based on a sample in which firms with more than 50 employees are somewhat overrepresented. For 

that reason, the results are more representative of the impact of foreigners on large firms, rather than capturing 

their impact on small firms. Additionally, non-responses are treated as an absence of innovation. This imputation 

makes little difference. 
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Dependent Variable 

 

The CIS survey provides three different dependent variables: firstly, a variable which indicates whether a 

firm reported innovation activity in general; secondly, the presence of product innovation; and thirdly the 

presence of process innovation.57 The dependent variables are binary and take on the value of 1 when 

the firm is an innovator and 0 otherwise. Although CIS provides additionally information on the economic 

gains from the new products through questions on ‘the share in total sales due to new products’, answers 

to these questions are rather subjective and imprecise (Mairesse and Mohnen, 2010). Thus, the selected 

binary dependent variables are considered effective to gauge the impact of diversity on innovation. 

Therefore, our survey data test whether the presence and diversity of immigrants, once correctly 

instrumented, trigger firms to report innovation activity. The econometric specification we estimate is as 

follows: 

 

Pr (Innovate)i = f (Firms characteristics, Employee characteristics)i + εi,   (4.2) 

 

where the dependent variable is one of the three innovation types mentioned above, and i stands for a 

firm, i= 1,2,…..N. Firm variables include firm size, the stock of human capital and a set of other control 

variables. Firms are more likely to employ foreign workers if they are more export-oriented and 

internationally connected. We control for this by adding the location of a firm’s headquarters into the 

econometric modelling. Moreover, 22 macro-sector fixed effects account for sector-specific shocks and 

unobserved heterogeneity (identical with 2-digit NACE codes, see Data Appendix). 

 

We also utilize reported obstacles to the innovation process to account for the availability of innovation 

inputs.58 Hence, we take account of whether a firm reports a lack of personnel or technology as a 

constraint to innovation. Long-term planning of a knowledge acquisition strategy is an important factor 

for the success of innovation activity. We therefore include knowledge acquisition strategy planning as 

another control factor in our estimations.59 Finally, we use the extent to which firms declare to be open 

to change as an additional attitudinal variable. Jensen et al. (2007) argue that the organizational 

capabilities of firms impact on innovation, possibly as much as science and technology investments do.  

 

These firm variables used in our estimations are common indicators of innovativeness at the firm level. 

We now take the literature one step further by accounting for the composition of employment. The 

employee features considered in the analysis include the ethnic, demographic and occupational 

characteristics of the workers. The age composition of a firm’s workforce, measured by the shares of 

                                                           
57

 The exact definitions of the dependent variables are as follows: a product innovation is the market introduction of 

a new good or service or a significantly improved good or service with respect to its capabilities, such as improved 

software, user friendliness, components or sub-systems. A process innovation is the implementation of a new or 

significantly improved production process, distribution method, or support activity for a firm’s goods or services. If a 

firm aborted an innovation during the study period, it is still counted as innovative. 
58

 Some input variables, such as total R&D expenditures, predict innovation activity perfectly. In other words, all 

firms in our sample that reported R&D expenditures between 2000-2002 were innovative. 
59

 The detailed description of the variables used in the estimations is given in Table 4.A.1 in the Data Appendix. 
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specific age groups in total employment, is used to test whether more youthful firms are more innovative 

(see, e.g., Poot, 2008). Similarly, the shares of various skill categories in total employment are used to test 

the impact of skills on innovation. We use the ratio of the number of foreigners to the total number of 

employees per firm as an indicator of the firm’s overall ethnic structure. Additionally, we complement 

this ‘share of foreigners’ with measures of diversity in which the country of birth composition is explicitly 

taken into account.  

 

The selection of a diversity measure depends on the research question and the nature of the data. From 

the many diversity indices available, we chose the diversity index of Alesina et al. (2003), also called the 

fractionalization index, which accounts for the share of various groups of foreigners in a firm’s 

employment. We exclude the native population from calculating the diversity index, i.e. the measure 

reflects diversity among immigrant employees, not between the native born and immigrants. If natives 

are included in the measure, the diversity index is in practice (given that in most cases the native born 

account for 80 to 90 per cent of employment) highly correlated with the share of migrants in total 

employment. However, the diversity among migrants index and the share of migrants in total 

employment are only weakly correlated (see also Ozgen et al., 2012). The index is calculated as follows:60 

 

Divi =
2

1

1
N

ji

j

s
=

−∑ ,         (4.3) 

 

in which sji is the share of the group j (j=1, ..., N) in foreign employment of firm i. The diversity of a firm 

increases with an increasing value of the index. The index value can range between 0 (all migrants 

originate from the same country) and 1-1/N (there are an equal number of migrants from each of all N 

country groups). 

 

The innovativeness of a firm may also be influenced by a different form of diversity: not based on the 

composition of employment, but simply on the maximum variety of backgrounds of people present. If 

one considers that each country has its own distinct features, the way people think, act, and work will 

vary with the number of countries represented in each firm. Therefore, a simple count of the unique 

number of countries of birth represented in each firm is an alternative measure of diversity at the firm 

level:  

 

Uniquei=

N

ji

j

U∑           (4.4) 
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 The diversity index is sensitive to the presence of dominant migrant groups among all foreign born. Consequently, 

we measure the diversity index by dividing the world into 12 supra-national regions: Anglo, Confucian Asia, Eastern 

Europe, Germanic Europe, Latin America, Latin Europe, Middle East, Nordic Europe, Southern Asia, South Eastern 

Europe, Sub-Sahara Africa, and Rest of the World. This categorization, referred to as GLOBE Clusters in the literature 

(Gupta et al., 2002) is based on the cultural distances between countries. N is 12 in equation (4.3), but about 200 in 

equation (4.4). 
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in which Uji is a dummy variable that is equal to one when country j is represented in firm i and zero 

otherwise. Hence the value of Unique increases with the increasing number of countries represented in 

each firm. Its value ranges between 1 and N.61  

 

 

4.4 Description of the Constructed Dataset 

 

This research analyses Dutch firms which have responded to the 2000-2002 CIS in the Netherlands. 

Several micro datasets were combined to create the master dataset. All of the micro-datasets were 

obtained from Statistics Netherlands under a confidentiality agreement.62 The micro datasets that are 

used to create our master dataset are as follows: (i) the Social Statistics Database (Sociaal Statistisch 

Bestand) that is in turn composed of tax data (REOS) and Dutch municipality registrations (GBA); (ii) the 

Community Innovation Survey (CIS); (iii) the Dutch Labour Force Survey (EBB) (for details see the online 

Data Appendix). By using this available information, we created a master dataset in which we can identify 

firm-level information about the employees, their ethnic origin and location at the municipality level, 

while we also have extensive knowledge about the characteristics of the firms. 

 

The master dataset was created in three steps. Firstly, CIS was merged with REOS to identify the number 

of employees per firm by using firm ID as a key variable. Secondly, we merged this new data set with the 

municipality registrations, from which we obtain the birthplaces, and various other characteristics of 

employees. Finally, because none of these datasets include information on the occupation and 

professional background of employees, the CIS_REOS dataset was merged with the labor force survey 

EBB to retrieve skills information. However, this step reduces the data set from a census of firms to a 

survey of employees in Dutch firms. As a result of this final merge, 45 per cent of the firms that are in the 

CIS 3.5 remain included in the master dataset. This was the only way to obtain the skills of the employees. 

However, given that the Labour Force Survey is a representative random sample of the Dutch workers, 

the final dataset remains broadly representative of Dutch firms (with 10 or more employees). To avoid 

employee characteristics being directly affected by the measured innovation, the variables on employee 

characteristics were lagged by two years (i.e. they refer to the year 2000), while innovation information 

has been reported at the end of 2002.  

  

Employees who are under 18 years old, and those who earn less than €10 a month are excluded from the 

database. The REOS database reveals information about people who were active in the labor market on 

31 December 2000. They are assigned to the firm they worked for on that date, irrespective of when they 

started to work in that firm, or if they changed jobs subsequently. If the worker was observed in the 

dataset multiple times (multiple jobs), the job with the longest job spell was selected. Personal 

characteristics (age, marital status, citizenship, etc.) are those corresponding with the most recent 

residential location (in 2000), and each individual is counted only once. If an employee changed address, 
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 The number of countries of birth represented in a firm varies between 1 (Netherlands only) and 197. The average 

is ten countries (see Table 4.2). 
62

 Access to the data is restricted to certain locations and data terminals. 
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the most recent location defined the household address. The same methodology was applied to the 

observations from the EBB survey.  

 

Description of Foreignness  

 

Since foreign employees are central to our analysis, a clear definition of foreigners is essential. Our 

dataset allows us to observe the birthplace and country of citizenship of an employee, as well as the 

birthplaces of both parents of the same employee. During the life course, an employee may move from 

one country to another and obtain a second citizenship, or change citizenship. Moreover, countries may 

categorize non-natives in different ways. For example, The Kingdom Act on Dutch Nationality identifies a 

Dutch person according to the parents’ birthplace and/or the individual’s birthplace. Thus, a person in 

The Netherlands is called ‘allochtoon’ if that person was born abroad or at least one parent was born 

abroad. In our analysis a foreign employee is simply any employee who was not born in the 

Netherlands.63 However, this definition excludes the foreign born children of Dutch-born parents (who 

would typically be Dutch expats or return migrants).  

 

One may argue that an employee who entered the Netherlands at a very early age is likely to acquire 

skills of the host country like a native. Although we also observe acquired Dutch citizenship, unfortunately 

we cannot observe the year of entry to the host country. However, to consider immigrant integration, we 

identify second generation foreigners based on the birth places of the employees and their parents. Thus, 

if a person is born in the Netherlands and neither or at most one of the parents was born in the 

Netherlands, then we identify him or her as a second generation immigrant. We argue that if at least one 

of the parents was born abroad, the child would still identify, to an extent, with the foreign-born parent’s 

cultural background, which may impact on diversity among a firm’s employees.  

 

Description of Firms  

 

As a result of the several data merges, the total number of employees in the dataset is 1.3 million (about 

10 per cent of the active working population) and the total number of foreign employees is 187 277 

(about 13 per cent of the employees in the sample). Our dataset consists of 4582 firms of which 50 per 

cent have 100 employees or more (see Figure 4.1).  

 

The most common sector is Wholesale Trade and Repair (15 per cent of firms), followed by Other 

Business Services (14 per cent) and Construction (11 per cent). Many of these firms are located in the 

large agglomerations; primarily in the western ‘Randstad’ region,64 followed by the s’-Hertogenbosch-

Maastricht corridor in the South-east, and around Groningen in the north. 38 per cent of the 4582 firms 

report innovation with respect to at least one of the innovation categories and many times in multiple 
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 Although we also observe acquired Dutch citizenship, time spent in the host country is not known. 

  
64

 The Randstad region is a large conurbation which is composed of four major Dutch cities (Amsterdam, Rotterdam, 

The Hague, and Utrecht) and their hinterlands. The region generates 46 percent of national GDP and houses  41 

percent of the population in the Netherlands. 



 

categories (See Table 4.2). Overall, 28 per cent of firms report new product or services innovations and 21 

per cent report new process innovations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.1:
Note: Truncated to firms with 1000 employees or less. The largest firm in the full sample has 77,744 employees.

 

Multinational firms are more likely to employ foreign w

small firms. In our dataset 83 per cent of the firms’ headquarters are in the Netherlands, while the rest 

are predominantly in neighbouring countries such as the UK, Germany, and France. As expected, firms 

some sectors are more likely to operate internationally than in others. The largest number of firms with 

headquarters abroad can be found in the Mining and Quarrying, Chemicals, and Machinery and 

Equipment sectors, in that order.  

 

Description of Foreigners  

 

Of the 1.3 million employees in the 4582 firms of our final dataset, the occupation of only 15453 

employees (including 1373 foreigners) could be traced with the labour force survey EBB (see Figure 

4.A.1). Many of the foreign employees are working in

less than 45 years old (see Table 4.2). About 17 per cent of the foreign born originate from the EU 15, 6 

per cent from Central and Eastern European and Balkan countries, and 9 per cent from South

(see Figure 4.2). The Netherlands has a long tradition of attracting foreigners from its former colonies 

Indonesia and Suriname, but also from countries like Turkey and Morocco triggered by the bilateral guest 

worker agreements of the 1960s and, more re

continent experienced highly transformative political events in the 1990s that have resulted in substantial 
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categories (See Table 4.2). Overall, 28 per cent of firms report new product or services innovations and 21 

innovations.  

 

Figure 4.1: Histogram of the Firm Size Distribution 
: Truncated to firms with 1000 employees or less. The largest firm in the full sample has 77,744 employees.
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some sectors are more likely to operate internationally than in others. The largest number of firms with 

headquarters abroad can be found in the Mining and Quarrying, Chemicals, and Machinery and 
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migration flows in an East-West direction.65 Although recent statistics suggest that not all of these 

migrants became permanent settlers, these events would have had an impact on the composition of our 

sample.  

 

 

 Table 4.2: Summary Statistics 

 

Variable (N = 4582) Mean Std. Dev. 

Firm is an innovator in 2000-2002 0.3804 0.4855 

Firm innovated by means of new products in 2000-2002 0.2828 0.4504 

Firm innovated by means of new processes in 2000-2002 0.2097 0.4072 

Firm size (number of employees) 295.52 1751 

Firm is part of a group 0.6794 0.4668 

Headquarters is abroad 0.1680 0.3740 

Openness to change 0.1729 0.3782 

Obstacles: Lack of personnel 0.0949 0.5380 

Obstacles: Lack of technology 0.0746 0.4645 

Prepared knowledge strategy 0.7089 0.8404 

Share of foreign born in 2000 0.1024 0.1114 

Share of 2nd generation immigrants in 2000 0.0628 0.0431 

Diversity index in 2000 0.4477 0.2671 

Unique number of countries of birth among firm employees 10.19 12.91 

Fraction of employees aged 18-24* 0.1457 0.1413 

Fraction of employees aged 25-34 0.3092 0.1186 

Fraction of employees aged 35-44 0.2672 0.0888 

Fraction of employees aged 45-54 0.1992 0.1010 

Fraction of employees aged 55-64 0.0786 0.0639 

Fraction of low-skilled employees* 0.0408 0.1632 

Fraction of middle-skilled employees 0.4155 0.4144 

Fraction of high-skilled employees 0.1417 0.2898 

Fraction of employees in scientific occupations 0.0438 0.1664 

Notes: Due to confidentiality restrictions maximum and minimum values of each variable can not be reported. 

*Reference categories in the multivariate analysis. 
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 Among those are the fall of the Iron Curtain, the unification of East and West Germany, as well as prolonged wars 

in the Balkan area. 
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Figure 4.2: Share of Foreign Born Employees in Total Employment by Region of Birth 

 

 

4.5  Results of Multivariate Regression Analysis 

 

We begin with showing the overall results for the full sample and the effects of various employee 

diversity measures on the different innovation categories. Subsequently, we proceed to re-estimate the 

regression models to address specific theoretical concerns raised in Sections 4.1 and 4.2. Firstly, we 

consider the integration hypothesis through taking second generation immigrant employees into account. 

Secondly, we consider the immigrant skill composition and take a sub-sample that excludes the sectors 

that employ the highest shares of unskilled immigrants (retail trade, hotels and restaurants, and low-

skilled business services, such as cleaning, security and secretarial services). Finally, we account for the 

sorting of foreigners into particular firms by means of instrumental variables estimation.66  

 

Linear probability models estimated with the full sample are reported in Table 4.3. The first column gives 

the results for firms reporting innovation activity in general. The second column refers to product 

innovation and the third column to process innovation. All estimations include a series of firm related 

control variables to account for the firms’ innovative capacity, fixed capital inputs and networks. The 

findings related to the firm variables are very robust over all the estimations. Therefore, we will not 

discuss these here in detail. Just to briefly summarize the impact of firm characteristics on innovation, we 

note that firm size, openness to change, having a long term knowledge acquisition strategy and personnel 

obstacles as well as technological obstacles appear very significant determinants of reported innovation. 

All of these variables do have expected signs, and are significant at least at the 5 per cent level. All 

equations include sector dummies. As expected, some sectors are more prone to innovate than others. 

The coefficients of sector fixed effects show that the sectors Wood, Paper and Pulp; Chemicals; Metals; 

and Machinery and Equipment have a higher probability to innovate than the reference category 
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 All the estimations are carried out with Stata 11. 
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Agriculture, Forestry and Fishery. Labour intensive sectors, such as Wholesale Trade and Repair; Retail 

Trade; and Hotels and Restaurants, are less likely to innovate. 

 

Table 4.3: Regression Analysis with the Full Sample  

 

 
innovative product  process innovative product  process 

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

Diversity Index 0.0537*** 0.0564*** -0.007 - - - 

(0.0266) (0.0245) (0.0231) 

ln(unique) - - - 0.0193 0.0254* 0.009 

   
(0.0143) (0.0131) (0.0125) 

Share of foreign born -0.244*** -0.145** 0.0262 -0.284*** -0.205*** -0.008 

(0.0626) (0.0592) (0.0594) (0.0765) (0.0717) (0.0704) 

Medium-skilled employees 0.0101 0.0286* 0.00518 0.0104 0.0287* 0.005 

(0.0163) (0.0151) (0.0143) (0.0163) (0.0151) (0.0143) 

High-skilled employees 0.0563** 0.0802*** 0.0270 0.0570** 0.0808*** 0.0267 

(0.0247) (0.0237) (0.0224) (0.0247) (0.0237) (0.0223) 

Empl. in scientific occupations  0.0942** 0.0940** 0.0813** 0.0963** 0.0956** 0.0795** 

(0.0411) (0.0404) (0.0390) (0.0411) (0.0403) (0.0390) 

Employees aged 25-34  0.350*** 0.263*** 0.216*** 0.354*** 0.267*** 0.216*** 

(0.0772) (0.0713) (0.0649) (0.0772) (0.0714) (0.0649) 

Employees aged 35-44  0.584*** 0.456*** 0.346*** 0.590*** 0.463*** 0.345*** 

(0.0778) (0.0715) (0.0682) (0.0778) (0.0715) (0.0681) 

Employees aged 45-54  -0.142* -0.0104 -0.0515 -0.141* -0.00709 -0.0476 

(0.0813) (0.0741) (0.0676) (0.0815) (0.0744) (0.0677) 

Employees aged 55-64  0.328*** 0.206* 0.192* 0.337*** 0.215* 0.191* 

(0.121) (0.114) (0.100) (0.121) (0.114) (0.100) 

Constant -0.203** -0.295*** -0.184** -0.188* -0.271*** -0.166* 

(0.0942) (0.0868) (0.0862) (0.0963) (0.0884) (0.0880) 

Regional FE Yes Yes Yes Yes Yes Yes 

Sector FE Yes Yes Yes Yes Yes Yes 

Observations 4582 4582 4582 4582 4582 4582 

R-squared 0.327 0.291 0.201 0.327 0.291 0.201 

Notes: All estimations include the following firm variables: firm size (number of employees); firm is part of a group; headquarters 

is abroad; openness to change; obstacles: lack of personnel; obstacles: lack of technology; prepared knowledge strategy. 

Regressions also include 22 sectoral fixed effects. Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1. 

 

 

In Table 4.3, we focus on the employee variables. We find that the presence of highly-skilled employees 

appears to be an important determinant of innovation overall. In particular, firms with a highly-skilled or 

scientifically trained workforce have significantly more product innovations at the 1 per cent and 5 per 

cent level respectively.67 However, for process innovations we find a statistically significant effect of only 

the scientifically trained work force (at the 5 per cent level).  

                                                           
67

 The skill categorization follows the International Standard Classification of Occupations. Since the main focus of 

this chapter is the contribution of the foreign workers to innovation we also replaced the employee characteristics 

regarding skill and age with the corresponding variables for foreign employees. While the age group variables for 

foreigners are robust to the reported findings in Table 4.3, we do not find an impact of any of the skill category-
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The results regarding age composition of the employees of the firm show that a more youthful workforce 

generates more innovation. Among the four age categories included in the regressions, the age groups 

25-34 and 35-44 turn out to have a very considerable effect on all innovation categories. Interestingly, a 

statistically significant positive effect is also found for employees aged 55-64 (relative to the default age 

category 18-24), in the case of innovativeness as a whole. However, the coefficient is smaller than the 

corresponding coefficients for employees aged 25-34 or 35-44.  

 

Table 4.3 shows that a greater share of foreigners in employment is associated with lower innovation as a 

whole and also with less product innovations. A similar result was also found in Ozgen et al. (2012) with 

an analysis of patent applications at the regional (NUTS 2) level in Europe. Brunow et al. (2012) found a 

similar effect with respect to firm productivity, using micro-level firm data from Germany. As noted in 

Section 4.2, the negative effect of a relatively larger share of foreigners in overall employment is plausible 

when one considers that the reservation wages of the migrant workers are likely to be lower than those 

of the native born population. Consequently, by recruiting more foreign workers, firms lower the cost of 

labour relative to capital. This induces more labour-intensive production, which is less likely to be 

encouraging innovation than capital-intensive production technologies.  

 

However, the benefit from migration for innovativeness of the firm may instead come from the diversity 

of the foreign workforce. We find that the diversity index has a positive effect on product innovations and 

on innovations in general. Both are statistically significant at the 5 per cent level, while the effect is 

statistically insignificant for process innovations. The result suggests that the cultural composition of 

foreign employment certainly matters. 

 

The second measure of diversity we utilize is the natural logarithm of a measure called ‘unique’, which 

stands for the total number of unique birthplaces in each firm, as explained in Section 4.3. This is quite a 

different way of measuring diversity than accounting for the fractionalization of foreign employment in a 

firm; although the two measures are correlated (the correlation coefficient is 0.60). We find that, for 

product innovations, an increasing number of birthplaces increase the probability to innovate, though the 

effect is significant only at the 10 per cent level.  

 

We proceed with scrutinizing further the negative coefficient estimated in Table 4.3 for the share of 

foreigners in firm employment. One can argue that not all of the foreign born should be considered the 

same, since those who spent more time in the host country are likely to have acquired some native skills 

and language. Therefore, they should not trigger the same innovation decreasing effects as newcomers. 

Although we cannot identify the date of entry of a foreigner into the Netherlands, we observe the 

parents’ and the employee’s birthplaces. Therefore, by including second generation immigrant workers 

into the specification, we can test whether there is a difference between first generation immigration 

workers and those who were born in the Netherlands in their contribution to firm innovations. The 

                                                                                                                                                                                             
based foreigners’ shares in firm employment. This is due to the small variation in the number of foreign people in 

these skill categories. This stems possibly from the fact that the skill data come from the Dutch Labor Force Survey 

where we observe much smaller number of foreigners in comparison with municipal registrations. 
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results in Table 4.4 show that the impact of the share of first generation foreigners is negative and 

significant for innovations as a whole and for product innovations at the 1 and 5 per cent level, 

respectively. The coefficient for product innovations is smaller than that for all innovations. 

Unfortunately, the data do not allow us to scrutinize the specific mechanisms that may cause these 

results. Concerning the second generation workers, we find a negative and statistically significant effect 

for innovations as a whole at the 5 per cent level. The effect is inconclusive for product and process 

innovations. Hence relatively greater employment of second generation migrants still appears to 

negatively impact on innovation. However, IV regressions reported below in Tables 4.6 and 4.7 suggest 

that relative employment of second generation immigrants does not significantly impact on innovation at 

all, or with a coefficient that is much less than for first generation immigrants.  

 

Table 4.4: Estimations with the Full Sample; Testing Integration of Foreign Workers  
 

innovative product  process innovative product  process 

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

Diversity Index 0.0587** 0.0565** -0.004 - - - 

(0.0266) (0.0246) (0.0232) 
   

ln(unique) - - - 0.0240* 0.0256* 0.0119 

   
(0.0145) (0.0133) (0.0127) 

Share of foreign born -0.233*** -0.145** 0.0322 -0.286*** -0.205*** -0.00952 

(0.0630) (0.0593) (0.0597) (0.0768) (0.0718) (0.0705) 

Share of 2nd Generation -0.334** -0.00620 -0.182 -0.343** -0.0191 -0.205 

(0.152) (0.140) (0.131) (0.154) (0.142) (0.132) 

Constant -0.183* 0.295*** 0.173** -0.162* -0.270*** -0.150* 

(0.0949) (0.0874) (0.0867) (0.0974) (0.0893) (0.0888) 

Regional FE Yes Yes Yes Yes Yes Yes 

Sector FE Yes Yes Yes Yes Yes Yes 

Observations 4582 4582 4582 4582 4582 4582 

R-squared 0.328 0.291 0.201 0.327 0.291 0.202 

Notes: These estimations include all the other variables in Table 4.3. Robust standard errors in parentheses,  *** p<0.01, ** 

p<0.05, * p<0.1. 

 

 

Excluding Sectors Employing Predominantly Low Skilled Foreigners 

 

Not all sectors are attracting the same number and types of foreigners; and not all sectors are expected 

to reap benefits from the diversity of foreign labor. Therefore, we proceed with exploring specific group 

of firms and sectors to allow for varying benefits firms could get from employing immigrants. The 

migration literature suggests that low-skilled immigrants often sort into sectors and jobs where job 

mobility is relatively high, entry barriers are low and training opportunities are limited. Such jobs give an 

opportunity to low-skilled foreigners to be active in the labor market without improving their skills. Hence 

to test the effect of immigrant skill composition across sector on the relationship between immigrant 

employment shares and innovation we present in Table 4.5 findings when the sectors with the highest 
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shares of low-skilled foreign born workers are excluded from the full sample. These sectors are Retail 

Trade; Hotels and Restaurants; and Low-skilled business services.68  

 

Table 4.5: Testing the Impact of Diversity on Innovativeness of Firms when Sectors Employing 

Predominantly Low-skilled Foreign Workers are Excluded  

 

innovative product  process innovative product  process 

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

Diversity Index 0.0670** 0.0678** 0.00726 - - - 

(0.0291) (0.0271) (0.0254) 
   

ln(unique) - - - 0.0346** 0.0365** 0.0151 

   
(0.0159) (0.0148) (0.0140) 

Share of foreign born -0.167** -0.0854 0.108 -0.254*** -0.179** 0.0506 

(0.0713) (0.0674) (0.0679) (0.0875) (0.0823) (0.0804) 

Share of 2nd Generation -0.412** -0.0176 -0.207 -0.437** -0.0456 -0.237 

(0.184) (0.172) (0.160) (0.187) (0.174) (0.161) 

Constant -0.250** 0.360*** 0.201** -0.214* 0.322*** -0.171* 

(0.108) (0.1000) (0.0988) (0.110) (0.102) (0.100) 

Regional FE Yes Yes Yes Yes Yes Yes 

Sector FE Yes Yes Yes Yes Yes Yes 

Observations 4001 4001 4001 4001 4001 4001 

R-squared 0.312 0.282 0.197 0.312 0.282 0.197 

Notes: These estimations include all the other variables in Table 4.3. The sub-sample excludes three sectors in which immigrants 

are predominantly unskilled. These sectors are: Low-skilled Business Services, Hotels and Restaurants, and Retail Trade. Robust 

standard errors in parentheses,  *** p<0.01, ** p<0.05, * p<0.1. 

 

With this subsample, the negative impact of the share of foreigners becomes statistically less significant 

for innovations as a whole. The coefficient is also substantially smaller. We note that the coefficient of 

the second generation immigrant workers is slightly larger, negative and statistically significant. In 

contrast, once low-skilled immigrant intensive sectors are excluded, the impact of diversity becomes 

stronger and larger for innovations as a whole and for product innovations. Moreover, the ‘unique’ 

variable is also positive and statistically more significant at the 5 per cent level, both for innovations as a 

whole and for product innovations.  

 

We also explored the relationship between R&D orientation and cultural diversity. The Dutch CIS survey 

categorizes firms into two types: firms with no R&D activity, and other firms. To measure the impact of 

worker diversity in firms with some kind of R&D activity, we drop all firms with no R&D orientation.  For 

the sake of brevity we do not report our results in a separate table. The results are qualitatively the same 

as those in Table 4.4. However, we find that the coefficient of the diversity index is slightly larger, positive 

and significant at the 5 per cent level. In addition, the ‘unique’ variable is statistically significant at the 5 

per cent level for both innovations as a whole and product innovations. The impact of ‘unique’ is much 

stronger than is reported in Table 4.4.  In contrast, the negative and significant impact of the share of 
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 Cleaning, security, call centres, secretaries, photography developers, etc. 
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both first and second generation migrant workers in firm employment on innovation is less apparent in 

these estimations.  

 

Addressing Endogeneity Issues 

 

The selection of immigrants into more innovative firms, that perhaps pay better or offer better career 

opportunities or actively promote diversity, can introduce a biased estimation of the relationship 

between innovativeness and the presence of foreign employees. To control for such possible bias, we 

apply a two-stage least squares estimation, in which we employ two instruments to account for the 

potential endogeneity of the share of foreigners in a firm’s employment, which measures employment 

diversity between migrants and natives. We do not instrument diversity among immigrants, because if 

there is any selection at all, immigrants would be generally keen to work with migrants from their own 

cultural background, not from other backgrounds. The literature suggests that the past stock of 

immigrants can help to identify the impact of the current stock. It is widely accepted that new immigrants 

follow ‘well-trodden paths’ in terms of their location preferences even when local economic conditions 

that attracted earlier immigrants would not be same as today. Consequently, we use the natural 

logarithm of ‘allochtoon’ population by municipalities in 1996 as the first instrument. The year 1996 is the 

earliest date for which the ‘allochtoon’ population of the Netherlands can be disaggregated to the 

municipal level.  

 

Secondly, while thinking about an instrument for foreign labour sorting, it is crucial to make a distinction 

between production and consumption externalities related to the presence of immigrant communities. 

Immigrant labour is an input into production, while ethnic goods and services are a result of consumption 

demand. The presence of foreign restaurants is an obvious externality of the presence of foreign labour 

that is concentrated in certain localities and creates demand for ‘home goods and tastes’ (Clark et al., 

2002; Shapiro, 2003; Florida, 2003). The migrants can import these products themselves or start 

producing them in the host country, for example, by opening restaurants and shops specialized in ethnic 

cuisines. The native population will increasingly demand the same goods due to the demonstration effect. 

However, there is no reason to expect that the innovativeness of firms determines the location of 

restaurants offering foreign cuisine, given that we exclude in IV estimation the hospitality sector itself. 

We therefore use the number of foreign restaurants per 10000 population in municipalities in the year 

1996 as another instrument to account for the sorting of foreign labour. The dataset comes from the 

HORECA database in the Netherlands.69  Our identification strategy could break down if innovation is 

predominantly undertaken by young firms that that locate in ethnically diverse areas with many foreign 

restaurants, for example in order to recruit foreign employees. However, the percentage of innovating 

firms (38 per cent) is much larger than the percentage of firms less than three years old (about 15 per 

cent, based on OECD averages). Moreover, because the Netherlands has strict and complex residential 

                                                           
69 

HORECA is an acronym for Hotels, Restaurants and Cafes. This dataset covers the registered bars, restaurants, 

hotels and all the other businesses in this sector. The data coverage is fairly good and it is currently available from 

1995 until 2007. The number of foreign restaurants is counted at the municipal level by the nationality of the 

cuisine, at the time of registration. For each restaurant, the main location is registered; no ‘side’ kitchens are 

registered. This leads to a unique listing, and excludes double counting. 
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and commercial zoning regulations, the location decisions of the vast majority of firms in our sample, 

mostly long established, can be credibly assumed to have been unrelated to the presence of foreign 

restaurants. Together, the two instruments passed the formal Hansen J test of overidentification, and 

turn out to be strong instruments with F values greater than 10 in estimations with the full sample 

reported in Table 6. The F value for the instrument number of foreign restaurants is slightly less than 10 

when the IV estimations are repeated for the sample of firms where sectors employing low-skilled 

foreigners are excluded.  

 

The IV estimations for the full sample of firms (Table 4.6) include again all the previous control variables. 

The first three estimations include only the share of foreign born employees. The IV estimation 

reconfirms the negative impact of the share of foreigners, as in Table 4.3, yet only for innovations as a 

whole and product innovations. The coefficient of the share of foreigners is negative and statistically 

significant at the 5 per cent level. The impact of second generation foreign workers now becomes less 

negative or statistically insignificant. When we add the diversity index to the share of foreigners, we find 

that the diversity index is positive and significant (at the 1 per cent level) for innovations as a whole and 

for product innovations. The effect size is relatively higher than those estimated in other specifications. 

The other covariates included in all of the estimations are quite robust with respect to previous findings.  

 

The second set of IV estimations uses the sub-sample of firms, where the sectors employing 

predominantly low-skilled immigrants are left out. The results are in Table 4.7. The results are again 

qualitatively robust. Once those sectors are left out of the sample, the coefficients of diversity are larger 

and even more statistically significant. Therefore, we conclude that a skilled workforce and a rich 

birthplace composition of employment are important factors in increasing the probability to innovate.  

  

It should be recognized that the effects identified in this chapter are quantitatively small. An increase in 

the diversity index from 0.1 below the mean (0.45) to 0.1 above the mean increases the probability to 

innovate products by 2 percentage points in the full sample and by 3 percentage points in the restricted 

sample. An increase in the unique number of birthplaces similarly increases innovation by 0.1 percentage 

points in the full sample and 0.15 percentage points in the restricted sample.70 An increase in the share of 

foreigners in a firm’s employment by 1 percentage point above its mean of 0.1 decreases the predicted 

probability to innovate by 2 percentage points at the most. Overall, we observe that when foreigners 

account for a large share of employment, a firm is less likely to report innovative activities, but the effect 

is quantitatively small. However, diversity among foreign workers is a booster of innovation. Finally, we 

analyzed interaction effects between the diversity of the workforce and the share of foreigners in 

employment. The interaction effects are statistically insignificant, while the positive and significant 

                                                           
70

 Ozgen et al. (2012) showed, by using a panel data of 170 NUTS 2 level in twelve European countries, that a 0.2 

increase around the mean of the diversity index (0.49) increases the regional patent applications by about 4 

percent. 
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impact of workforce diversity persists for product innovations. Moreover, the negative effect of the share 

of foreigners persists as well.71  

 

 

4.6 Conclusion 

 

In this chapter we focused on estimating the impact of immigrant employees on the innovativeness of 

Dutch firms. The core data on innovation were obtained from the Community Innovation Survey (CIS) of 

2002. However, this survey provides little information on the size and composition of the workforce of 

the firms. Such information was obtained by linking the CIS with administrative data; namely, the Social 

Statistics Database, which – in turn – is made up of tax data, and population registration data at the 

municipality level.  While this linked dataset provided measures of the presence and diversity of migrants, 

it yielded no direct information on the skill level of the migrants. The latter was obtained by linking the 

data to the Dutch Labour Force Survey (EBB). Because the EBB is a representative sample survey, but not 

a census, many observations are lost in the linking process. The merging of the firms surveyed in the CIS 

with the employees surveyed in the Dutch Labour Force Survey was a major research challenge. The final 

sample consisted of 4582 firms, employing around 1.3 million workers (and around 15000 workers with 

known occupations) of whom about 13 per cent are foreign born.  

 

The results of the regression analysis concerning the internal resources of firms for innovation are in line 

with the literature. Additionally, our results emphasize that ‘soft’ factors like firms’ openness to 

institutional change or development of a knowledge strategy help to reap fruits of R&D in terms of 

implementing new product and process innovations. The regressions showed that such activity requires 

the relative abundance of medium and high-skilled employees. In terms of age composition, a relative 

abundance of employees aged 35-44 boosts innovativeness.  

                                                           
71

 The instrumental variables interaction effects are calculated by means of Stata, whereby in the first stage the 

endogenous variable is regressed on all the covariates and instruments; and in the second stage, the predicted value 

of the endogenous variable is used to create the interaction term, and then included in the estimation.  
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Table 4.6: Instrumental Variables Estimations with the Full Sample 

1st stage  
Share of Foreign born Share of Foreign born 

 
Share of Foreign born 

  

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

 
(7), (8), (9) 

  
# of Foreign restaurants  0.724*** 

 
0.727*** 

 
0.531*** 

  
per 10000 pop. in 1996   

(0.198) 
 

(0.198) 
 

(0.147) 
  

Log of ‘allochtoon’ in 1996 0.010*** 
 

0.008*** 
 

0.002*** 
  

     (0.001)   (0.001)   (0.001) 
  

         

         

2nd Stage innovative product  process innovative product  Process innovative product  process 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Diversity Index - - - 0.114*** 0.107*** 0.0313 - - - 

   
(0.0391) (0.0368) (0.0345) 

   

ln(unique) - - - - - - 0.134* 0.136* 0.105 

      
(0.0788) (0.0763) (0.0697) 

Share of foreign born -0.623** -0.545** -0.325 -0.734** -0.650** -0.360 -1.177* -1.122* -0.837 

(0.275) (0.264) (0.242) (0.308) (0.297) (0.271) (0.673) (0.654) (0.595) 

Share of 2nd Generation -0.172 0.113 -0.0956 -0.221 0.067 -0.108 -0.394*** -0.107 -0.240* 

(0.178) (0.168) (0.155) (0.173) (0.164) (0.150) (0.150) (0.142) (0.130) 

Constant -0.160** -0.236*** -0.227*** -0.118 -0.196*** -0.215*** 0.0800 0.0082 -0.0366 

(0.0768) (0.0684) (0.0670) (0.0793) (0.0706) (0.0692) (0.167) (0.158) (0.148) 

Sector FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Observations 4582 4582 4582 4582 4582 4582 4582 4582 4582 

R-squared 0.312  0.274 0.188 0.311 0.272 0.187 0.302 0.260 0.172 

Hansen J statistic 1.530  1.299 0.00 1.992 1.718 0.004 3.234 2.994 0.212 

p-value (0.216) (0.814) (0.993) (0.158) (0.190) (0.949) (0.072) (0.084) (0.645) 

Notes: These estimations include all other variables in Table 4.3. Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1. 
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Table 4.7: Instrumental Variables Estimations when Sectors Employing Predominantly Low-skilled Foreign Workers are Excluded 

1st stage 
 

Share of Foreign born Share of Foreign born 
 

Share of Foreign born 
  

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

 
(7), (8), (9) 

  
# of Foreign restaurants  

per 10000 pop. in 1996 
 

0.461** 0.464** 
 

0.306** 
  

 
(0.200) (0.200) 

 
(0.156) 

  
Log of ‘allochtoon’ in 1996 

 
0.010*** 0.009*** 

 
0.003** 

  

 
(0.001) (0.001) 

 
(0.001) 

  

 
  

 
  

 
  

   

         
2nd Stage innovative product  process innovative product  Process innovative product  process 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Diversity Index - - - 0.161*** 0.157*** 0.052 - - - 

   
(0.048) (0.046) (0.042) 

   
ln(unique) - - - - - - 0.271** 0.277** 0.192* 

      
(0.122) (0.120) (0.104) 

Share of foreign born -0.864** -0.801** -0.459 -1.063*** -0.996** -0.531 -2.319** -2.299** -1.573* 

(0.346) (0.333) (0.301) (0.401) (0.389) (0.347) (1.078) (1.064) (0.923) 

Share of 2nd Generation -0.098 0.242 -0.0198 -0.153 0.190 -0.034 -0.444** -0.105 -0.232 

(0.224) (0.214) (0.193) (0.219) (0.211) (0.188) (0.195) (0.190) (0.166) 

Constant -0.223** -0.290*** -0.256*** -0.154** -0.222*** -0.234*** 0.286 0.232 0.109 

(0.090) (0.081) (0.078) (0.096) (0.087) (0.082) (0.264) (0.257) (0.227) 

Sector FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Observations 4001 4001 4001 4001 4001 4001 4001 4001 4001 

R-squared 0.283  0.249  0.173 0.276  0.241  0.170  0.213  0.164  0.112 

Hansen J statistic 1.158  0.956 0.093 1.498 1.266 0.061 2.426 2.192 0.014 

p-value (0.282) (0.328) (0.760) (0.221) (0.260) (0.804) (0.119) (0.139) (0.905) 

Notes: These estimations include all other variables in Table 2. The sub-sample excludes three sectors in which immigrants are predominantly unskilled. These are: Low-skilled 

Business Services, Hotels and Restaurants, and Retail Trade. Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1.
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The main purpose of the chapter was to investigate whether the explicit presence and diversity of 

migrants boosts innovation. Generally speaking, a larger share of foreigners among a firm’s employees 

lowers the innovativeness of firms. Moreover, once endogeneity is controlled for by means of valid 

instruments (the past density of foreign restaurants per municipality, and the past presence of migrant 

communities in the municipality), the negative and statistically significant impact of the share of foreign 

workers on the firm’s innovativeness is confirmed and even larger. This finding is, of course, consistent 

with neoclassical economic theory that predicts that when there is an abundance of migrant workers with 

lower reservation wage; firms will develop expansion strategies that involve the use of labour-intensive 

production technologies. This is likely to imply that fewer resources, including those linked to new capital 

equipment, will be devoted to innovation. In any case, this negative impact is shown to be less for second 

generation immigrants. On the other hand, there is some evidence that greater diversity among foreign 

workers stimulates innovation in general. This is the case whether diversity is either measured by the 

unique number of foreign countries of birth represented among the firm’s staff or by a fractionalization 

index. The positive impact of diversity on innovation is more robust across specifications when focusing 

on product innovations than on process innovations. However, the positive impact of immigrant diversity 

on innovation is quantitatively modest; a one standard deviation (0.3) increase in the diversity index 

raises the probability that the firm is an innovator by 3 to 4.5 percentage points (around the mean of 38 

per cent). 

 

Despite the considerable effort that was required in constructing the data set for the analysis, the data 

did not permit us to ascertain precise what kind of attributes of a diverse set of migrants may boost 

innovation, nor which of the various transmission channels outlined in Table 4.1 dominate. Future 

research would benefit from setting up a panel data set that may account for unobserved firm 

heterogeneity and from obtaining additional migrant characteristics from administrative registers that 

may provide information much larger micro data sets on migrants. Moreover, as a first step to 

disentangling the channels of influence outlined in the chapter, research ought to try to separate out 

within firm effects from external spillovers in the local labor market and community. 

 

Nevertheless, the results of our current study already provide some tentative lessons for policy. Firstly, 

immigrants from a range of countries are neither a homogenous group of workers nor perfect substitutes 

for locally born workers. Their presence impacts on the innovativeness of host firms dependent on the 

composition of their employment. Secondly, as long as necessary conditions are present (such as scale, 

infrastructure, networks and institutional openness of the firms), diversity of the workforce seems to 

benefit particularly the sectors in which diverse skilled migrants cluster. Finally, it is crucial for firms to 

design policies to attract high-skilled immigrants from a range of cultural backgrounds in order to 

compete innovatively in the global marketplace.   
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Data Appendix 

 

Social Statistics Survey 

The unit records of the Social Statistics Survey database are very detailed and informative about 10 

million jobs per year (a job is a matched combination of employer/business entity data with employee 

data and recorded start/end date, if applicable). The job data include the location of residence and work 

of an employee, information on the labor market and income level. In the case of a non-native employee, 

the year of entry in the Netherlands is provided. Municipality registrations (GBA) are a natural extension 

of the Social Statistics Survey provided by Statistics Netherlands, and allow us to calculate the exact 

number of employees per firm at the municipal level, when combined with the tax data (REOS).  

 

Community Innovation Survey (CIS) 

The CIS is conducted every two years (in even years). In this study we use the CIS 3.5 version (2000-2002), 

where the final reporting year is 2002. This version of the survey includes 10533 firms.  The response rate 

of firms in the CIS 2000-2002 survey is 62 per cent. Each firm has a firm identification number ‘BEID’. The 

continuity of surveys provides a regular snapshot of various aspects of innovation. It is not only 

informative about technological innovations on new products/services and goods, but also includes a 

certain amount of information on non-technological/business/organizational changes and newness. The 

survey allows us to classify firms by 5-digit ‘SBI93’ codes that stand for Standard Industrial Classification 

of Statistics Netherlands, and these codes are directly analogous with the 2-digit NACE codes. These  are: 

Agriculture, Forestry and Fishery; Mining and Quarrying; Food, Beverage and Tobacco; Textile, Clothes 

and Leather; Wood, Paper and Pulp; Chemicals; Metals; Machinery and Equipment; Manufacturing n.e.c.; 

Electricity, Gas and Water; Construction; Wholesale Trade and Repair; Retail Trade; Hotels and 

Restaurants; Transport and Communication; Financial Intermediation; Real Estate and Renting of 

Machinery; Computer and Related; Research and Development; Other Business Services; Environmental 

Services; and Other Services. 

 

Dutch Labor Force Survey 

 

The Dutch labor force survey (EBB) is a yearly dataset with rotating panel data of the Dutch labor force 

conducted since 1996. A single respondent in the panel is expected to be surveyed 5 times in total, over 

the course of 15 months. Detailed socio-economic data related to the labor market are collected in 28. 

The EBB contains a variable called ‘RIN’ that stands for the personal identification number which allows 

researchers to combine it with various datasets such as the tax data and municipality registrations by 

using this id. The survey includes fairly extensive number of questions in 28 categories on households as 

well as Dutch and foreign employees. Some of the modules in the EBB Overview are as follows: 

Household, Ethnicity, Birth country, Service (type of contract), Working hours, Commuting, Company, Job 

situation, Job searching, Trade Union, Education, and Pension. 
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Table 4.A.1: The description of the firm variables used in the estimations 

 

Firm related variables  Description of the variables 

Firm is an innovator in 2000-2002 A dummy variable equal to ‘1’ if the firm reported any innovation in 2000-

2002  Firm innovated new products in 2000-

2002 

A dummy variable equal to ‘1’ if the firm innovated new products/services 

or significantly improved existing products/services in 2000-2002  

Firm innovated new processes in 

2000-2002 

A dummy variable equal to ‘1’ if the firm innovated new processes or 

significantly improved the existing processes in 2000-2002 

Number of sampled employees per 

firm 

Number of employees in a firm 

Firm is part of a group A dummy variable equal to ‘1’ if the firm is part of a company group 

Headquarters is abroad A dummy variable equal to ‘1’ if the headquarters of a firm are located 

outside of the Netherlands 

Openness to change A dummy variable equal to ‘1’ if the firm has applied organizational 

changes with respect to its operations in 2000-2002  

Obstacles: Lack of personnel A likert scale from 1-7; 0= no problem, 1=minor, and 7=severe: Lack of 

personnel has been reported as an obstacle to innovations of a firm in 

2000-2002 Obstacles: Lack of technology A likert scale from 1-7; 0= no problem, 1=minor, and 7=severe: Lack of 

technology has been reported as an obstacle to innovations of a firm in 

2000-2002 Prepared knowledge strategy A likert scale from 0-2; 0=No strategy, and 2=Firm has a strategy: Firm has 

prepared a knowledge management strategy in 2000-2002 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.A.1: The description of data merging process 
Note: The Final Dataset (CIS_REOS_GBA_EBB) identifies the occupation of 15453 employees of whom 1373 are foreigners. 
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5. Does Cultural Diversity in the Workplace Foster Innovation?  

New Panel Data Evidence72 

 

 
 

 

 

 

 

 

5.1 Introduction 

 

A recent strand of the migration literature has focused on the association between innovation and the 

presence of foreign workers. There are several ways in which culturally diverse foreign workers can 

impact on innovation. Some of these are positive, while others are negative (for a review, see e.g. 

Alesina and La Ferrara, 2005). A positive impact could be due to immigrants being positively self-

selected in terms of their abilities and attitudes, for example in terms of entrepreneurship and risk 

taking. Secondly, immigrant recruitment policies of developed countries increasingly favour highly 

skilled young migrants. Thirdly, immigrants bring to the workplace different ideas and perspectives from 

their cultural backgrounds. Fourthly, foreign workers can facilitate trade with their home countries 

and/or encourage the production of ethnic goods and services in host countries. Finally, immigrants 

often exhibit high labour mobility, particularly in their early years in the host country. This speeds up the 

inter-firm dissemination of new ideas.  

On the negative side, cultural diversity can impede communication between workers, or lower levels of 

trust within or between firms. Secondly, discrimination and non-transferability of skills, or non-

recognition of qualifications, can be barriers to free exchange of ideas and the accumulation of new 

knowledge. Thirdly, co-ethnic networks can lead to spatial or occupational segregation and clustering of 

migrant groups, which may also impede the contribution of immigrants to firm innovation.   

Given such a mixture of positive and negative effects, it is clear that the overall impact of immigration 

on innovation is largely an empirical matter. In this context, various approaches are possible. The first is 

                                                           
72

 This research is part of the Migrant Diversity and Regional Disparity in Europe (MIDI-REDIE) project, funded by 

the NORFACE research programme Migration in Europe – Social, Economic, Cultural and Policy Dynamics. Earlier 

versions of this chapter have been presented at the 51
st

 European Congress of the Regional Science Association 

International, Barcelona, Spain, August 30-September 3, 2011, and at the International Workshop on Economic 

Impacts of Immigration and Population Diversity, National Institute of Demographic and Economic Analysis 

(NIDEA), University of Waikato, Hamilton, New Zealand, April 11-13, 2012. An earlier version of this chapter is 

available as IZA Discussion Paper (see Ozgen et al., 2013). It has been recently revised and resubmitted to Papers in 

Regional Science. 
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to test whether there is more innovation, ceteris paribus, in geographical areas (cities, regions) that are 

more culturally diverse. Several empirical case studies do suggest that agglomerations with greater 

cultural diversity among their foreign born residents have higher levels of productivity (Ottaviano and 

Peri, 2006; Suedekum et al., 2009; Niebuhr, 2010; Ozgen et al., 2012). On the other hand, a larger share 

of immigrants in the labour force is often associated with lower levels of innovation, particularly when 

the issue of endogeneity of migrant settlement (with migrants predominantly settling in larger 

agglomerations that are more innovative) is taken into account (Ozgen et al., 2012).  

The second approach to identifying benefits of immigration for innovation is to focus on foreign 

knowledge workers themselves and to compare the innovation activity of these workers, e.g. the extent 

to which they generate patents, with those of native-born knowledge workers. According to this 

approach, the highly-skilled foreign workers assumed to be direct contributors of innovations. The 

evidence is fairly conclusive that host countries benefit from attracting highly able knowledge workers 

from abroad (e.g., Faggian and McCann, 2009; Zucker and Darby, 2007; Hunt and Gauthier-Loiselle, 

2010; Kerr, 2010; Kerr and Lincoln, 2010).  

The third approach is to consider the ethnic composition of staff at the workplace level within firms. This 

is arguably the toughest test of spillover benefits of cultural diversity on co-workers, since it attempts to 

empirically identify localised spillover benefits of foreign workers who mostly only represent a small 

minority of the employees. At this level, the evidence to date is less conclusive. Ozgen et al. (2011) find – 

using micro-level cross-sectional data in The Netherlands – that firms with a greater share of foreign 

workers are on average less innovative, but that cultural diversity among a firm’s foreign employees 

enhances innovation. Similar evidence has been found by Niebuhr and Peters (2012) for Germany, by 

Parotta et al. (2011) for Denmark, and by Lee and Nathan (2010) for firms in London. However, using 

similar data as Ozgen et al. (2011) utilize for The Netherlands, Østergaard et al. (2011) find no significant 

effect of ethnic diversity on innovation at the firm level in Denmark. Moreover, Maré et al. (2013) find 

no evidence that regional level cultural diversity boosts firm-level innovations in New Zealand.  

Managers themselves often attest to a diverse workforce being crucial for encouraging different 

perspectives and ideas that drive innovation (e.g. Forbes, 2011). However, the evidence is not conclusive 

that management practices that encourage ethnic diversity have a positive impact on a firm’s 

performance. Considering explicitly how teams perform within firms, a meta-analysis by Bell et al. 

(2011) concludes that ethnic diversity negatively impacts on team performance. On the other hand, 

taking the very specific case of sports teams, Alvarez et al. (2011) provide evidence that the recruitment 

of foreign players in European basketball teams benefits the overall performance of these teams. In any 

case, various measures are suggested in the literature to mitigate the possible negative impacts of 

diversity (Ely and Thomas, 2001). These varying results seem to point out that the positive impacts of 

diversity are likely to be context specific.  

This chapter complements and contributes to the existing literature in several ways. Firstly, it offers new 

evidence from The Netherlands on the impact of cultural diversity on different innovation measures. 

Secondly, we focus on the composition of employment of individual firms rather than measure potential 

spillovers of diversity by means of regional population composition. Since we can identify the workforce 
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composition, through administrative data, at the firm-level, we are able to measure the cultural diversity 

of immigrants more precisely than earlier studies that used regional level data for all or part of their 

analysis (e.g. Maré et al., 2013; Niebuhr, 2010). For the same reason, our estimates are less vulnerable 

to the sorting of immigrants at the regional level. Moreover, in this chapter we also extend the analysis 

of Ozgen et al. (2011) in four ways. Firstly, we try to untangle the complex diversity concept, as diversity 

can be composed of various dimensions. Although, due to the limitations of the dataset, we are not able 

to explain the exact mechanisms through which diversity influences firm level innovations, by 

introducing meaningful measures to address these dimensions, we show how the composition of labour 

impacts on innovation. This is the main focus of the current chapter. Secondly, we are able to construct 

a much larger data set on firm level innovation. This is achieved by combining the results of two 

successive innovation surveys (in 2002 and 2006, respectively) with migrant characteristics and by 

imputing a skill level to migrants and the native born based on their annual wages obtained from tax 

registers, rather than by restricting the observations to only those who were included in the Dutch 

labour force survey and of whom, therefore, the skill level was explicitly recorded. Thirdly, we focus on 

specific sectors and types of firms through disaggregating results according to market orientation of the 

firm (domestic versus international), industry and the type of innovation (general, product or process). 

We find that at least two of the three measures of diversity that we use suggest a positive impact of 

cultural diversity on innovation. The third measure, which is generally not statistically significant, reflects 

the overall ‘foreigness’ of a firm’s employment. This positive effect of cultural diversity on innovation is 

greater among firms in knowledge-intensive sectors and in internationally-oriented sectors, and is 

robust to accounting for endogeneity of foreign employment. We conclude that the recruitment of high-

skilled talent, which is a cornerstone of current immigration policy in many developed countries, is 

particularly beneficial for innovation when such immigrants represent a variety of cultural backgrounds.   

The next section provides a brief discussion of the ways in which immigrants and cultural diversity 

among foreign born or second-generation ethnic workers may influence innovation. Section 3 describes 

the econometric model, while section 4 outlines how the dataset was constructed and how cultural 

diversity has been measured. Section 5 discusses the results of the regression analysis, while section 6 

offers concluding remarks. 

 

5.2 Migrant Diversity and the Determinants of Innovation 

 
Innovation is the process by which firms create better products, processes, services, technologies, or 

ideas. There is a vast literature that discusses the determinants of innovation, starting with a seminal 

contribution by Acs and Audretsch (1988) and a review by Dosi (1988). Innovation can be thought of as 

the output of a knowledge production function, with major inputs consisting of the funds devoted to 

R&D, combined with the appropriate capital and skilled labour. Theoretical modelling and empirical 

evidence to date suggests that available indicators of innovation activity at the firm level are linked to 

firm size, market structure, R&D investment, gross fixed capital formation, the availability and 
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composition of skilled labour, the nature of the industry, the domestic and foreign networks of firm 

owners and employees, features of the area in which the firm is located, and institutional factors.  

Generally, a firm will employ workers of many types defined by skills, experience and occupation. 

Employment plays an important role in innovation, as technological advances come from things that 

people do (Romer, 1990). Standard neoclassical labour demand theory shows that the demand for each 

type of worker is determined by the demand for output, the wages to be paid, the production 

technology and the related extent of substitutability or complementarity between the different types of 

labour. Even without spillover benefits from cultural diversity and with workers of different cultural 

backgrounds for given skill levels being perfect substitutes in production, the firm’s labour force may 

exhibit a cultural mix that reflects the cultural composition of the workforce in the local labour market. 

For reasons linked with networks, past migratory behaviour, international airport locations and job 

opportunities, migrants – and particularly skilled ones – are disproportionally attracted to large 

metropolitan areas (e.g., Poot et al. 2008). Because such metropolitan areas are also the areas where 

much innovation activity takes place (e.g. Lobo and Strumsky, 2008; Audretsch and Feldman, 2004), a 

spatial correlation between cultural diversity and innovation may be observed, even when there is no 

causal link. 

A positive causal link from diversity to innovation may nonetheless exist for various reasons. The first is 

that firm expansion may be constrained by local scarcity of highly skilled and specialised labour, in which 

case recruitment from abroad may essential (Beaverstock and Hall, 2012). The growth in knowledge-

intensive industries has led to global competition for talent, which is complementary to locally available 

skills, and can therefore contribute to firm expansion (Olney, 2012), and the associated innovation 

activity.  

Besides these direct effects of diversity on innovation, there are also likely to be knowledge spillovers 

from the employment of workers with different cultural backgrounds. Similarly, successful migrant 

entrepreneurship can also spill over to host country entrepreneurs (Jaeger and Duleep, 2010). 

Moreover, with different perspectives and approaches to problem solving, migrants may contribute to 

better decision making (Page, 2007). Of course, the effectiveness of such spillovers is contingent on 

production conditions, such as the organisational culture, labour market structure and institutions that 

jointly determine the receptivity of foreign knowledge at the destination (Jones and Romer, 2010). 

In contrast to these positive effects, there are also negative effects of cultural diversity that were 

already briefly alluded to in the introduction.  The first point is that the lower reservation wages of 

immigrants may have a negative impact on long-run growth, when the availability of cheaper labour 

makes it rational for firms to adopt more labour-intensive production technologies and thereby 

discourage investment in new and technologically superior machines and equipment. This effect would 

operate particularly with respect to the employment of lower skilled employees. High skilled immigrants 

are likely to exhibit complementarity with new technology in production.  

Secondly, cultural diversity at the workplace can create communication problems, either simply due to 

linguistic difficulties but also due to misunderstandings associated with differences in tastes, norms and 
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values between immigrants and the native born. Such misunderstandings could negatively impact on the 

effectiveness of day to day interactions and the productivity of team work. Heterogeneity in norms and 

values may also lead to distrust or even outright conflict. In any case, decision making in a diverse 

workplace may be more time consuming and therefore more costly. Cultural diversity of staff may also 

trigger discrimination of minority groups, which in turn lowers the productivity of the firm.  

Migrants are generally young and have a high degree of labour mobility. While this ‘greases the wheels’ 

of the local labour market (Borjas, 2001), it also implies that at the workplace level immigrants often 

have less job tenure and therefore less job-specific training. If they contemplate repeated migration, 

they may also exhibit less commitment to the firm. Such phenomena could negatively impact on 

knowledge spillovers. 

A further consequence of growing ethnic diversity is that it tends to lead to greater geographical 

clustering and segregation (see e.g. Cutler et al. 2008). While ethnic precincts may have positive urban 

consumption externalities, they may also limit the supply of foreign workers outside the precincts or 

increase commuting distances of ethnic workers employed elsewhere in the city, with associated 

increased employment costs. 

We have identified a range of positive and negative impacts of cultural diversity on innovation and firm 

performance. The overall impact remains an open question, both in terms of firm profitability and in 

terms of general welfare. Some studies suggest an inverted U-shape relationship between diversity and 

economic performance (see e.g. de Graaff and Nijkamp, 2010), leading to the notion of optimal 

diversity. The evidence presented in this chapter suggests that at the firm level, and for the levels of 

immigration observed in the last decade, the impact of diversity on innovation at the firm level has been 

positive, but with insufficient within-firm variation over the 2002-2006 period to detect it in firm fixed 

effects models. However, a wide range of random effects models and pooled data logit models with 

sector and time fixed effects find a significantly positive impact of diversity, particularly in the case of 

high skilled migrants in knowledge-intensive sectors. The firm level evidence presented here 

complements the evidence of a positive impact of diversity on innovation at the city level already 

mentioned in the introductory section. The latter points to broader spillover benefits in consumption, 

production and endogenous institutions, such as had already been highlighted by Jacobs (1969). 

 

5.3 Specification of the Econometric Model 

 
The Dutch community innovation surveys (CIS) does not provide patent applications or patents granted, 

or other quantitative measures of innovation. Instead, the response variable is binary and reports 

whether a firm introduced any innovation, new products and/or services, or new processes within the 

past two years.73 To estimate the impact of foreign workers on innovation we utilize a logit model 

                                                           
73

 The exact definitions are as follows. A product innovation is the market introduction of a new good or service or 

a significantly improved good or service with respect to its capabilities, such as improved software, user 
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estimated with a panel data set. In our model, whether or not a firm reports any innovation is a function 

of various firm characteristics, employee characteristics and characteristics of the local economy (for 

summary statistics see Table 5.1).74 We estimate the following specification:  

Pr (Innovate)it = f (Firms characteristics, Employee characteristics,  

Area characteristics)it +vi+δt+εit, (5.1) 

 

in which Pr (Innovate)it is a dummy variable that measures firm i’s self-reported innovation (yes or no) in 

wave t, with εit a random error term and vi  and δt  firm fixed effects and time effects, respectively. The 

panel data available for this paper consist of two waves. The econometric specification includes the 

determinants of innovation suggested by the literature. The independent variables can be categorized in 

four groups.  

The first is a set of firm characteristics. Firm size accounts for firms’ fixed and capital assets. Secondly, 

obstacles to firm profitability and growth, such as a lack of personnel and finance constraints, may force 

a firm to seek innovative solutions. In the recent innovation literature the importance of so-called soft 

factors is emphasized as an indication of firms’ adaptation to its external environment (Jensen et al., 

2007), thus firms’ openness to change is also considered. Firms are more likely to employ foreign 

workers if they are more export-oriented and internationally connected. We control therefore for the 

international orientation of firms in the econometric modelling. In models where the full sample of firms 

is used, we include 22 macro-sector fixed effects75; in others we adopt a panel model with firm effects.  

The second group of variables is a set of employee characteristics that includes the demographic and 

occupational characteristics of the workers. Cultural background is defined by country of birth. Clearly, 

country of birth is only an approximate measure of culture but has the advantage that, unlike measures 

of nationality, it is constant and objective. By excluding the descendants of migrants in the host country 

population, we adopt a narrow measure of diversity. If cultural diversity effects are found with our data, 

they are also expected to be present in broader measures of cultural or ethnic diversity. We focus 

specifically on the demographic and occupational characteristics of foreign born employees. To test 

whether firms employing young migrants are more innovative (e.g. Poot, 2008), the age composition of 

a firm’s foreign workforce is included and measured by the share of 25-44 years old in total foreign 

employment per firm. Similarly, we consider the share of high skilled workers in total foreign 

employment, to account for the impact of foreign employees’ quality. Moreover, we also include two 

variables that measures the differential effect of foreign versus native employees in terms of their 

qualities (relative share of high-skilled foreigners vis-à-vis high-skilled natives) and youthfulness (relative 

share of 25-44 years old foreigners vis-à-vis 25-44 years old natives). For both waves of the panel, all of 

                                                                                                                                                                                           
friendliness, components or sub-systems. A process innovation is the implementation of a new or significantly 

improved production process, distribution method, or support activity for a firm’s goods or services. 
74

 Given a large sample of data and the incidence of innovation being relatively high, we also estimated a linear 

probability model in which the coefficients can be directly interpreted as marginal effects (e.g. Angrist, 2001). 

These estimates exhibited highly similar results and are available from the authors on request. 
75

 The 22 sector fixed effects match with the 2-digit international industrial NACE classification.  
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the employee variables are lagged by two years to diminish the possibility of reverse causality (in which 

innovative firms are more likely to recruit foreign workers). In any case, we also conduct IV estimations.  

The third group of variables relates to the area in which the firm is located and specifically to urban 

economic agglomeration and its possible impacts on firms. The measures used in the analysis are market 

structure (the ratio of firms over jobs per COROP region76) and a density variable (the number of firms 

per municipality). The former measures the extent of local competition while the latter measures the 

extent of agglomeration.  

The fourth group of measures refer to the diversity of employees of a firm. There is no single way of 

measuring such diversity. The selections of a diversity measure depend on the research question, and on 

the nature of the data (see Nijkamp and Poot, 2013). We aim to disentangle different aspects of 

diversity; for example a sample can be very diverse yet have significant clustering with respect to some 

groups. Therefore, we scrutinize three aspects of a diverse population; i) an aggregate measure of the 

diversity of the whole population; ii) homogeneity of the foreign workers; iii) richness of the foreign 

composition.  

The inter-temporal variation in the first group of variables -firm characteristics- is quite high; while for 

the employee and area variables the variation over time is quite low.77 Given the panel structure of the 

data, we start with estimating a logit model with firm fixed effects. However, this methodology incurs 

difficulties in identifying effects of slow-trending variables. Consequently, we compare these results with 

those obtained by other estimators such as the random effects and pooled logit models.78 We discuss 

this point further when we present the regression results, and now proceed with explaining our three 

measures of diversity. 

First, we utilize an index of diversity which reflects the composition of the total workforce of a firm. This 

is referred to as the Simpson index and the natives are also included in calculating this index. The index 

is calculated as follows: 

 

"#$%�&��' = 1 − (∑ )*+,()*+,-�)
.+,(.+,-�)

/
0!� 1  (5.2) 

 

                                                           
76

 The COROP division refers to functional regions that are based on the commuting distances in the Netherlands. 

At the European level, it corresponds to the NUTS 3 level division.  
77

 Table 5.2 shows these trends in selected variables in 2000-2006. 
78

 Instead of using the random effects model, we opt for pooled logit for two reasons: firstly, although, the 

Hausman test has well-known limitations (see Clark and Linzer (2013) for a discussion), in our application it is 

rejected in favour of fixed effects. This may cast doubt on the assumption that the covariates are uncorrelated 

with the random firm effects. Secondly, the efficiency gain of the random effects model does not improve the 

qualitative results that we obtain from pooled logit.  In any case, a full set of random effects estimations is 

available from the authors upon request. 
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in which sbit is the total number of employees with birthplace b (b=1,2,...,B), in employment of firm i Lit 

(i=1,...,N) at time t. This index measures the probability that two randomly selected individuals belong 

to two different groups. The diversity of a firm increases with an increasing value of the index. The index 

value can range between 0 (all employees originate from the same country) and 1. The index 

approaches 1 when there are an equal number of employees originating from different countries.79 

However, the Simpson index is insensitive to the addition of rare groups to the sample, and obviously, 

abundant groups get more weight. This measure has the advantage of accounting for the relative shares 

of each group in the overall workforce of a firm. However, because natives are by far the most dominant 

group in firm’s workforce, it can also be regarded as a measure of ‘non-Dutchness’ of a firm in our data. 

The higher the share of Netherlands-born workers, the lower the Simpson index.80 

The second diversity measure focuses on exposure to own kind, i.e. the degree of potential contact 

among foreigner workers. This measure of diversity is a co-location index which shows to what extent a 

foreigner has been exposed, within the firm, to other foreigners who share his/her country of birth. The 

index is calculated as follows: 

1 1

1
( )

2

it itF F

it l k it

l k
k l

Coloc b bI L
= =

≠

 
 

= =  /  
 
 

∑∑   (5.3) 

where bl, bk (bl, bk =1,...,B) indicates the birthplace of a foreign employee l,k (l,k=1,...,Fit) in firm i 

(i=1,...,N) at time t, and I stands for the indicator function that takes on the value 1 if the two 

employees l and k within the firm have the same country of birth and zero otherwise. The co-location 

index takes on the value zero if the firm has no two foreign workers sharing the same country of birth, 

or when the firm is composed of natives only. The index value is equal to the sum of the number of 

coincidences per firm divided by the total number of employees, Lit, in firm i. If all Fit foreign workers 

were born in the same country Colocit is ½[(Fit(Fit-1))/Lit]. It is clear that the larger the value of Colocit 

is, the higher the homogeneity of foreign employment in firm i.81  

Third, we argue that the richness of the birthplace variety is another important component of a diverse 

population. If one considers that each country has its own distinct features, the way people think, act, 

and work will vary with the number of countries represented in each firm. Nobel Laureate Linus Pauling 

said: “the best way to have a good idea is to have a lot of ideas” (Uzzi and Dunlap, 2005). Thus, a simple 

                                                           
79

  When the number of employees are equally spread across B birthplaces, the value of the index is Lit (1 − 1/B) / 

(Lit − 1). 
80

 The Simpson index used in the estimations is highly (98%) correlated with the conventional fractionalization 

index, as defined by e.g. Alesina and La Ferrara (2005). The advantage of the former stems from its easy 

probabilistic interpretation. All the estimations reported in this chapter are robust to replacing the Simpson by the 

fractionalization index. 
81

 Accordingly, in our sample, at the very right tail of the distribution for Coloc, most coincidences occur in the Low-

skilled business services sector, while on the left tail of the distribution least coincidences occur in Wholesale trade 

and repair sector.  
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count of the unique number of countries of birth represented in each firm is an alternative measure of 

diversity at the firm level:  

 

1

B

it bit

b

Unique U

=

=∑  (5.4) 

 

in which Ubit is a dummy variable that is equal to one when country b is represented in firm i at time t 

and zero otherwise. With the increasing cultural diversity at the firm level, the value of unique increases. 

Its value ranges between 1 and B.82 Although it may be questionable that the impact of richness of 

foreign employment on innovation would be linear, the benefits of this type of diversity occur only up to 

a certain degree. When the variety of the backgrounds is too diverse, costs of communication and 

transaction may increase sharply (the ‘Babylon effect’; see Florax et al. 2005). Consequently, we use 

log(Uniqueit) as the cultural richness measure in regressions.  

The following section describes the creation of the linked employer-employee dataset (LEED) and the 

sample statistics. 

 

5.4 Data and Construction of the Sample 

 

We combine three confidential high-quality firm/individual level micro-datasets obtained from Statistics 

Netherlands. The firms in our dataset come from the Community Innovation Surveys CIS 3.5 (2000-2002) 

and CIS 4.5 (2004-2006) which provide the anchor of our empirical strategy. The innovations surveys 

monitor periodically the innovativeness of Dutch firms. The surveys straddle over two years between 

the time the questionnaires are sent to firms and the results are reported. Each survey provides about 

11000 firm observations.83 The employee data are retrieved from the Tax Register in the Netherlands 

(SSB_Banen) which is a census of employees in the Dutch labour market. This dataset covers about 10 

million employees, who can be observed multiple times (for more details see Ozgen et al., 2011). Finally, 

the ethnic and demographic background information of the employees is obtained from the Dutch 

Municipal Registers (GBA) which provides a census of people living in the Netherlands, with about 16 

million observations. Firms are company establishments with autonomous production and decision 

features. Innovation is a binary variable. A firm is an innovator if during the reporting period it has 

improved a current product (process) and/or produced a new product (process). If the firm has 

cancelled a previous innovation, it is also considered an innovator in the current period.  

                                                           
82

 The number of countries of birth represented in a firm varies between 1 (Netherlands only) and 197. 
83

 To create the sample, Statistics Netherlands selects the firms from the General Business Register. Public-sector 

and NGO-type of activities are excluded. A further selection is based on firm size. Firms employing less than 10 

persons are not included in the sample. Firms employing more than 50 persons are all included in the sample, i.e. 

for such firms the survey is a census. For firms employing 10 to 50 persons, only a fraction is randomly selected 

into the sample. The size of this fraction depends on the industry and the firm size. 
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To create our sample we followed a three-step data linking procedure. First, the two cross-sections of 

CIS are linked to create a balanced panel of firms that can be followed over the four years. Secondly, the 

panel of firms is linked to the Tax Registers (SSB_Banen) to obtain the actual number of employees per 

firm and by location. At the third step, this new dataset is merged with the Dutch Municipal Registers 

(GBA) to gather the actual number of foreign employees per firm, as well as their country of birth and 

various other demographic characteristics. As a result of our series of merges, we obtained a sample of 

2789 firms that responded to both CIS surveys. Hence our dataset has a 2-wave panel with 5578 

observations. These firms employ about one million workers of whom 11 percent are foreign born.   

None of the datasets comprise information on the occupation and/or education of the employees. The 

large literature on earnings functions suggests a strong correlation between earnings and education 

(Card, 1999). Moreover, in the Netherlands the criterion to obtain a visa targeted at highly-skilled 

workers is to earn more than a given threshold level of earnings. From this perspective, we proceed to 

create three skill categories by assigning the employees into these categories based on their gross 

annual wages. The gross annual wage of each employee in the sampled firms is gathered from the 

SSB_Banen database. When assigning the employees to these categories, we benefitted from macro-

level statistics provided on the Statistics Netherlands’ website, which cross-tabulate annual mean 

income of employees by education level. A similar tabulation of the distribution of mean gross earnings 

of all employees against skill level (low, medium, high) is also available. Based on this information, we 

assigned people with a minimum gross annual wage of 42000 euro to the high skill category.  

Table 5.1: Summary Statistics a 

Variable N Mean Std. Dev 

Firm innovated 5578 0.4087 0.4916 

Firm innovated products 5578 0.2927 0.4550 

Firm innovated processes 5578 0.2496 0.4328 

Firm size 5578 171 355 

Firm’s openness to change 5578 0.1409 0.3479 

Obstacles: Lack of personnel 5578 0.3844 0.7777 

Obstacles: Cost 5578 0.3308 0.7582 

Number of firms per job (Nuts 3 level) 5578 0.1047 0.0212 

Number of firms per municipality 5578 56.95 53.08 

Co-location index 5578 0.264 0.395 

Unique number of birthplaces  5578 10 12 

Simpson index  5578 0.1857 0.1760 

High-skill intensity of foreign employment
b
  5578 0.1877 0.2422 

Youthfulness of foreign employment
c
 5578 0.5732 0.3249 

“Allochtoon” population per municipality
d
 5578 37766 78283 

Number of foreign restaurants per municipality 5578 63 144 
Notes: 

a 
Due to the confidentiality agreement with Statistics Netherlands, minimum and maximum values of the variables 

cannot be displayed in Table 5.1. 
b
 Share of highly-skilled foreigners in total foreign employment per firm. 

c
 Share of foreigners 

aged 25-44 in total foreign employment per firm. 
d 

In the Netherlands this terms refers to persons who have at least one parent 

who was born abroad.  
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Descriptive Statistics of the Sample 

As noted above, our sample is composed of a balanced panel of 2789 firms. Table 5.1 provides a range 

of summary statistics. On average, 41 percent declared being innovative over the 2000-2006 period. For 

about 86 percent of firms, innovation (as measured by the binary variable) was the same in the second 

wave as in the first wave. 365 firms innovated in the first period but not in the second, while 419 firms 

innovated in the second period but not in the first. Firms are clustered within various regions. The top 

five locations, where 34 percent of the firms are located, are: Great-Amsterdam, Great Rijnmond 

(Rotterdam), Utrecht, Twente and southeast North-Brabant.  

There are 957667 employees in our sample, of whom 11 percent were born abroad. About 30 percent of 

the foreign workforce originates from the European continent. On average, there are 10 unique 

countries of birth represented in each firm and the co-location index is 0.264.  The mean Simpson index 

is 0.185. Comparing the two waves, all measures of diversity increase (see Table 5.2).84 An increase in 

the number of eastern-Europeans and east-Asians is noticeable (not shown in the table). Innovation 

activity increased also between 2002 and 2006. The foreigners are predominantly young and the share 

of high skilled foreign workers among the total foreign workforce is 19 percent on average (Table 5.1), 

but decreased from 21 percent in 2002 to 16 percent in 2006 (Table 5.2). This coincides with a period 

during which overall immigration in The Netherlands declined (e.g., Berkhout and Sudulich, 2011).  

 

Table 5.2: Mean Values of the Key Variables in 2002 and 2006 

 

Variables 2002 2006 

Firm Variables Mean Mean 

Firm innovated 0.39 0.42 

Firm innovated products 0.28 0.29 

Firm innovated processes 0.21 0.28 

Employee Variables Mean Mean 

Co-location 0.275 0.252 

Unique number of birthplaces 9.9 10.6 

Simpson index  0.181 0.190 

High-skill intensity of foreign employment 0.21 0.16 

Youthfulness of foreign employment 0.58 0.56 

Share of foreigners  0.107 0.112 

Number of foreign employees 50442 55145 

Number of employees 466654 491013 

 

Our data predominantly comprise firms with 100 employees or more. The average firm size is 171. As is 

to be expected, there is a rough positive relationship between firm size and the number of foreigners 

the firm employs (See Figure 5.1). However, this relationship varies across sectors. For instance, the 

                                                           
84

 Recall that the Simpson index increases with increasing diversity, while the Co-location index decreases with 

increasing diversity. However, the Simpson index is in our data uncorrelated with the natural logarithm of the 

unique number of birthplaces and with the co-location measure. The correlation coefficient between the natural 

logarithm of the unique number of birthplaces and the co-location measure is about -0.6. 
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share of foreigners changes between 4 to 25 percent, whereas in some sectors where firm size can be 

relatively small. Moreover, large firms are more likely to be diverse in terms of the unique number of 

countries of birth present, while they are not necessarily the most diverse in terms of overall 

composition. 

 
Figure 5.1: Scatter Plot of the Number of Foreign Employees and Firm Size 

 

 

 

5.5 Results of the Regression Analysis 

 

In this section, we proceed with reporting the regression analysis of the panel data. As described before, 

we are using a two-wave panel from 2000-2002 and 2004-2006 data and estimate logit models with firm 

fixed effects and pooled data logit models with sector and period fixed effects.85  

5.5.1 All Firms 

 

The panel data consist of a balanced panel of 2789 firms observed twice. Table 5.3 shows 5 regressions. 

Specification 5.3.1 is a fixed effects model of innovation incidence with firm-level variables, regional 

controls and time fixed effects, but not employee characteristics. The results are in conformity with the 

innovation literature such that the firm’s characteristics are important drivers of innovation. Firm size is, 

as expected, a significant factor (at the 1 percent level) that boosts innovation. Calculating the marginal 

effect, it can be shown that a 10 percent increase in firm size increases the chances to innovate by about 

0.8 percent. Recently, the innovation literature emphasizes the importance of so-called soft factors, 

such as organizational restructuring, as the means through which a firm’s prospect to innovate are 

increased. Regression 5.3.1 shows that firms that are open to change their organizational structure in 

relation to the third parties are more likely to raise their innovation outputs than those which did not 

experience any organizational restructuring. Similarly, firms which reported costs and lack of personnel 

as obstacles to firm profitability and growth, appear to be more innovative.  

 

                                                           
85

 Logit models with random effects at the firm level and corresponding linear probability models are yielding very 

similar findings. These are available from the authors upon request. 
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Table 5.3: Logit Regression Models of Firm Innovation 

 (5.3.1) (5.3.2) (5.3.3) (5.3.4) (5.3.5) 

VARIABLES innovative innovative innovative product process 

      

Log firm size 0.647*** 0.695*** 0.402*** 0.368*** 0.318*** 

 (0.205) (0.252) (0.0586) (0.0676) (0.0560) 

Obstacles: Lack of personnel (low level)
a
 1.085*** 1.094*** 1.130*** 1.083*** 0.594*** 

 (0.214) (0.215) (0.123) (0.128) (0.120) 

Obstacles: Lack of personnel (medium 

level)
a
 

0.806*** 0.797*** 0.973*** 1.166*** 0.677*** 

 (0.231) (0.232) (0.124) (0.124) (0.124) 

Obstacles: Lack of personnel (high level)
a
 1.076*** 1.132*** 1.092*** 1.069*** 0.810*** 

 (0.370) (0.374) (0.205) (0.204) (0.191) 

Obstacles: Cost (low level)
a
 0.379* 0.373 0.641*** 0.383*** 0.594*** 

 (0.231) (0.231) (0.149) (0.136) (0.160) 

Obstacles: Cost (medium level)
a
 -0.178 -0.185 0.228* 0.370** 0.232* 

 (0.251) (0.253) (0.132) (0.147) (0.129) 

Obstacles: Cost (high level)
a
 -0.520 -0.518 0.0624 0.00146 -0.122 

 (0.327) (0.329) (0.175) (0.190) (0.203) 

Openness to change 0.660*** 0.673*** 1.014*** 1.088*** 0.976*** 

 (0.160) (0.161) (0.0893) (0.0935) (0.0887) 

Number of firms per job (Nuts3 level) 8.482 6.881 -0.0753 -1.488 1.888 

 (19.12) (19.22) (2.141) (2.567) (2.021) 

Ln(number of firms per municipality) 0.877 0.941 -0.0632 -0.0577 -0.0657 

 (1.480) (1.491) (0.0468) (0.0557) (0.0425) 

Co-location - -0.108 -0.319*** -0.450*** -0.0640 

  (0.254) (0.106) (0.123) (0.125) 

Ln(unique) - -0.0184 0.101 0.00137 0.176** 

  (0.246) (0.0918) (0.103) (0.0860) 

Simpson index  - -0.375 -0.222 -0.0898 0.0922 

  (1.495) (0.345) (0.412) (0.481) 

High-skill intensity of foreign employment - 0.209 0.402** 0.630*** 0.0236 

  (0.302) (0.162) (0.173) (0.178) 

Youthfulness of foreign employment - 0.0318 0.249** 0.218** 0.100 

  (0.254) (0.114) (0.110) (0.128) 

Share of young foreigners by young 

natives 

- -0.553 -0.0866 -0.0825 -0.190 

  (0.516) (0.0644) (0.0905) (0.185) 

Share of high-skilled foreigners by high-

skilled natives 

- 0.122 -0.0800 -0.0191 -0.0130 

  (0.226) (0.171) (0.134) (0.127) 

Constant - - -1.877*** -2.154*** -2.767*** 

   (0.438) (0.509) (0.403) 

Estimation Technique FE FE Pooled Logit Pooled Logit Pooled Logit 

Observations 1560 1560 5578 5578 5578 

Log-likelihood -495.2 -493.3 -2917 -2604 -2652 
 Notes: 

a
 The reference category for the obstacle variables referring to a lack of personnel and to cost is in both cases: no 

obstacle reported. All estimations include sector and time fixed effects. *** p<0.01, ** p<0.05, * p<0.1. Robust standard errors 

are given in parentheses for estimations (3.3)-(3.5). All the standard errors are clustered at the municipality level. 
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The reference values are no lack of personnel and no cost obstacles respectively. The results suggest 

that a lack of personnel is an important driver of innovation (but differences between the low, medium 

and high levels of personnel shortage are not statistically significant). With respect to costs, the impact 

is nonlinear. A limited concern about costs raises innovation (relative to an absence of cost constraints), 

but with medium cost obstacles innovation is again less and with high cost obstacles innovation is not 

possible. 

We do not find a statistically significant impact of the competition and agglomeration variables in 

Specification (5.3.1) and subsequent specifications. This result is somewhat unexpected in the context of 

the agglomeration literature but not unprecedented (see Lee and Rodriguez-Pose, 2013, for UK 

evidence). Two points are worth noting. Firstly, the dependent variable – innovation- is a very specific 

firm performance. Secondly, many of the firms in our sample are in manufacturing and related R&D 

activities and may not require the face to face relationships with their customers as labour-intensive 

services sectors in high population density areas do (Henderson, 2007).  

In specification 5.3.2 we add two measures for employee characteristics (the high skill intensity and 

youthfulness of the foreign employees), two measures for differential effect of foreign versus native 

employees in terms of their qualities (relative share of high-skilled foreigners vis-à-vis high-skilled 

natives) and youthfulness (relative share of 25-44 years old foreigners vis-à-vis 25-44 years old natives) 

and our three diversity measures, i.e. the Simpson diversity index, the co-location index of foreign 

workers in total employment, and the logarithm of the unique number of birthplaces in a firm, as 

defined in equations (5.2), (5.3) and (5.4), respectively. We do not find that within-firm changes in 

employee characteristics affect innovation. The likely reason is that the within-firm change in these 

variables over the four year period is rather small, compared with changes in firm characteristics such as 

due to restructuring and obstacles. Unfortunately, our empirical design does not constitute a natural 

experiment in which in a randomly selected number of firms, the number of foreigners is increased 

substantially. By and large, the change in innovation is triggered by a change in firm size, firm 

restructuring or by changes in personnel or cost obstacles. To better capture the impact of variables that 

change little over time, we use a logit model of the pooled data. Effectively this exploits better the cross-

sectional variation in firms’ exposure to foreign employees. Period and 22 macro-sector effects account 

for some of the between-firm heterogeneity. Moreover, in all the estimations the standard errors are 

clustered by municipality level. Therefore, all the following results are obtained through pooled logit 

estimations. 

Specification 5.3.3 shows the results of the pooled logit model with the same specification as in 5.3.2. 

We observe that in the pooled logit estimations most of the coefficients of firm variables are slightly 

larger (log firm size being a notable exception) while the significance levels are unchanged. Some 

employee variables, however, now become statistically significant. Higher skilled foreign workers and 

the youthfulness of foreign employment have a positive impact on innovation at the 5 percent level. We 

calculate that a 1 percentage point increase in the intensity of high-skilled foreign employment and in 

the youthfulness of foreign employment in a firm leads to 0.09 and 0.06 percentage point increase in 

the probability to innovate, respectively, when all other variables are at their means. Of course, a 

natural question is the extent to which the impact of skill intensity and youthfulness of foreign 
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employment differs from that of their native counterparts. To test this, we include two additional 

variables in specification (5.3.3): the ratio of high skill foreign employment over Netherlands born 

employment and the corresponding ratio of youthfulness of the two types of employment. In both 

cases, the coefficients were negative (suggesting that the impact of these groups of Netherlands born is 

larger than that of the foreign born), but neither coefficient was statistically significant.86 

The co-location index is negative and significant at the 1 percent level. This is a measure of exposure to 

own kind, i.e. a measure of homogeneity of the foreign workforce. It suggests that the innovativeness of 

the firms is likely to decrease with increasing homogeneity of the foreign workforce at the firm level. 

The literature argues that clustering of workers from the similar origin may lead to grouping internally, 

exclusion of ‘others’ (non-group members), and create integration problems, since grouping with own-

kind is mostly preferred over opening up to new cultures.  

We do not find in this specification significant effects of the Simpson diversity index and of ln(unique). 

The time dummy coefficient (not reported in Table 5.3) is significant and negative; suggesting that the 

upward trend in innovation reported in Table 5.2 is due to changing firm and employee characteristics 

rather than a secular national increase in innovativeness. Sector dummies (also not reported due to 

space constraints) are as expected in terms of the literature. Firms in the Chemicals sector as well as in 

the Machinery and Equipment sectors are more likely to innovate than other sectors.  

The data allow us to look into the impact of the various diversity measures on different innovation 

types. In specifications 5.3.4 and 5.3.5, we report the results for product and process innovations 

respectively. Since the coefficients of firm characteristics are robust over all the estimations, we will only 

discuss the impact of employee characteristics in these and the following regressions. We find that firms 

with a diverse composition of the foreign workforce generate more product and service innovations, but 

that such diversity has no impact on process innovations. The co-location variable is negative and 

significant at the 1 percent level for product innovations. In contrast, the unique number of birthplaces 

positively affects process innovations but not product innovations. A 1 percent increase in the number 

of birthplaces represented in a firm increases the probability to innovate by about 0.03 percentage 

points. Finally, the high skill intensity and youthfulness of the foreign employees prove to be crucial 

inputs that increase product innovations (significant at the 1 percent level).  

These results suggest that what matters for process innovation is the generation of new ideas and new 

perspectives that can come potentially from having a wider range of birthplaces represented among the 

firm’s employees. The different results for product and process innovations are not entirely surprising. A 

pure process innovation changes how a product is made while it would not have any effect on the 

product itself (Swann, 2009). Moreover, product innovations seem to have more clear-cut inputs such as 

skills and combination of cultures than process innovations which benefit more from ideas and possibly 

experiences. It would be interesting to go in more detail to discuss these underlying factors, yet the CIS 

data does not provide sufficient information on, for example, foreigners actively participating at 

management and decision-making units of firms.  

                                                           
86

 Although these two variables are included in estimations from specification (5.3.3) onwards, they are not 

reported to save space.  
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5.5.2 Alternative Samples: Selected Group of Firms 

 

Foreigners tend to cluster more in some sectors than others, and innovation activity also varies 

considerably across sectors. Even if immigrants are concentrated in sectors that are not innovative (such 

as cleaning services) and an inverse relationship is therefore found at the macro level between the 

employment of foreigners and innovation, there may still be benefits of a diverse workforce for firms in 

sectors that are highly innovative. To explore sector-driven heterogeneity, we take some sub-samples 

from our firm data. These sub-samples are obtained by considering the migration and innovation 

literatures. We are also guided by what our panel data suggest in the case of Netherlands, since every 

country has to some extent different economic and social dynamics. This section reports the regression 

results based on these selected sub-samples.  

The first set of regressions refers to the orientation of the markets in which the firms sell their products 

and services. There is a large literature focusing on firms’ trade links, and how they benefit from 

immigrant/foreign workers (Genc et al., 2012). Table 5.4 reports the impact of workforce diversity on 

various innovation types, once the market orientation of the firms is considered. The CIS surveys ask the 

firms explicitly to indicate for which market(s) they target to sell their goods. The first three regressions, 

(5.4.1)-(5.4.3), are based on a sub-sample of 1431 firms that focus on international markets (countries of 

the European Union and European Free Trade Association; EU candidate countries; and all other 

countries) while specifications (5.4.4)-(5.4.6) refer to firms that they sell good/services and/or processes 

for the domestic market (local/regional and national markets of the Netherlands). For clarity, the table 

shows only results with respect to diversity and the characteristics of immigrant employees.  

Qualitatively, the results are quite similar between an international orientation and a domestic 

orientation (note that the two are not mutually exclusive: the total number of firms is 2739, of who 

1431 report an international orientation and 2671 a domestic orientation). The table shows that the 

impact of the co-location index is negative and very significant for product innovations and for 

innovation generally in domestic markets. On the other hand, the richness of the labour force, in the 

form of the unique number of birthplaces represented in a firm, is a significant driver of innovations as a 

whole (with international orientation) and process innovations at the 5 percent level, while it has no 

impact on product innovations.  

A notable difference between an international orientation and a domestic orientation is the coefficient 

of the unique variable (which is larger for process innovations among internationally oriented firms). 

Similarly, the impact of high-skill intensity of foreign employment affects product innovation in firms 

with an international orientation more than in firms with a domestic orientation. Finally, the results 

point out a slightly significant and positive impact of young foreigners on innovation, especially for firms 

oriented to domestic markets.  
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Table 5.4: Results for Sub-samples of Firms with International and Domestic Orientation1
 

 (5.4.1) 

International 

Orientation 

 

(5.4.2) 

International 

Orientation 

 

(5.4.3) 

International 

Orientation 

 

(5.4.4) 

Domestic 

Orientation 

 

(5.4.5) 

Domestic 

Orientation 

(5.4.6) 

Domestic 

Orientation 

VARIABLES innovative product process innovative product process 

Co-location -0.197 -0.364** 0.185 -0.364*** -0.484*** -0.0689 

 (0.170) (0.169) (0.179) (0.111) (0.129) (0.132) 

Ln(unique) 0.334** 0.195 0.331** 0.0697 -0.0336 0.159* 

 (0.141) (0.143) (0.134) (0.0961) (0.108) (0.0903) 

Simpson index -0.944 -0.0693 0.0810 -0.176 0.00651 0.140 

 (0.637) (0.598) (0.816) (0.363) (0.426) (0.497) 

High-skill intensity of foreign employment  0.346* 0.758*** 0.103 0.428*** 0.573*** 0.0127 

 (0.182) (0.194) (0.195) (0.160) (0.175) (0.183) 

Youthfulness of foreign employment 0.292* 0.0671 0.189 0.212* 0.191* 0.0905 

 (0.176) (0.173) (0.180) (0.119) (0.113) (0.133) 

N 2855 2859 2859 5339 5342 5342 

Log-likelihood -1508 -1512 -1569 -2784 -2499 -2531 

Notes: 
1 

The markets for which the firms produce are determined by the responses to the following question: “In which 

geographical markets did your enterprise sell goods or services?”. All estimations include the same variables on firm and 

regional characteristics as in Table 1, as well as sector and time fixed effects. Specifications are estimated with the pooled logit 

model. 
 
*** p<0.01, ** p<0.05, * p<0.1.  Robust standard errors are given in parentheses. All the standard errors are clustered 

at the municipality level. 

 

Table 5.5: Results for a Sub-sample of Firms in which Sectors with the Highest Share of Low-skilled  

Foreigners are Excluded 

 (5.5.1) (5.5.2) (5.5.3) 

VARIABLES innovative product process 

Co-location -0.418*** -0.556*** -0.116 

 (0.113) (0.138) (0.129) 

Ln(unique) 0.0505 -0.0543 0.148* 

 (0.0849) (0.0952) (0.0839) 

Simpson index 1.020* 1.398** 1.098* 

 (0.543) (0.634) (0.632) 

High-skill intensity of foreign employment 0.414*** 0.582*** 0.0462 

 (0.150) (0.152) (0.176) 

Youthfulness of foreign employment 0.0789 0.0854 -0.0855 

 (0.116) (0.116) (0.135) 

N 4918 4918 4918 

Log-likelihood -2890 -2636 -2536 

Notes: Excluded sectors are Low-skilled Business Services (Cleaning, security, call centres, secretaries, photography developers 

etc), Retail Trade, Hotels and Restaurants, and Manufacturing not elsewhere classified (Furniture, Recycling, etc). All 

estimations include the same variables on firm and regional characteristics as in Table 1, as well as sector and time fixed effects. 

Specifications are estimated with the pooled logit model. 
 
*** p<0.01, ** p<0.05, * p<0.1. Robust standard errors are given in 

parentheses. All the standard errors are clustered at the municipality level. 

 

Our second sub-sample excludes the sectors in which low-skilled foreign labour is mostly concentrated. 

Low-skilled foreign labour may cluster in sectors such as construction, cleaning and retail trade that are 
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not necessarily striving to reach an innovative edge. The top four sectors where the fraction of low-

skilled foreign workers per firm is the highest are: Low-skilled Business Services (Cleaning, security, call 

centres, secretaries, photography developers etc); Retail Trade; Hotels and Restaurants; and 

Manufacturing not elsewhere classified (Furniture, Recycling, etc.). These sectors are excluded from the 

sub-sample. Once these sectors with low-skilled foreigners are excluded, we observe that the 

coefficients of the diversity measures become slightly larger (Table 5.5). The exposure to own-kind 

measure - co-location index- is significant and negative, except for process innovations, at the 1 percent 

level, while the coefficient of the natural logarithm of the number of countries of birth represented in 

the firm is positive and significant for process innovations. High skill intensity of foreign employment 

continues to benefit product innovation and innovations as a whole at the 1 percent level. Interestingly, 

once low-skill intensive firms are excluded, the Simpson index becomes positive and statistically 

significant. Hence, an increasing “foreignness” of employment of firms in the sub-sample does increase 

the innovation propensity. Different from the results presented so far, we also find that the density 

variable included in the regressions Ln (number of firms per municipality) is negative and significant at 

the 1 percent level for all types of innovation. As discussed, previously, most of the services sectors, and 

particularly the low-skilled services sectors, are located at the urban core. These sectors require 

frequent face to face relationships as agglomeration economies literature suggests. However, once 

these sectors are excluded from the sample, the firms’ location shifts towards to urban fringe and even 

further to periphery. Therefore, firm-specific attributes and capabilities show how firms benefit from 

agglomeration asymmetrically (for a discussion see McCann and Folta, 2011). Moreover, Netherlands, 

by international standards, is a large agglomeration with some peripheral production clusters like 

Groningen, Drente and Limburg. Hence, our results indicate that sectors like chemicals, machinery and 

equipment or R&D do not symmetrically benefit from locating in dense areas. 

 

5.5.3 Robustness Checks 

 

With the regressions presented so far the question remains whether the innovativeness of the firms is 

increasing due to the diversity of the employee composition or whether immigrant workers are sorted 

into firms that are more innovative. We address this potential endogeneity problem in two different 

ways. First, we re-estimate specifications (5.3.3)-(5.3.5) by fixing the diversity measures at their value in 

year 2000. We therefore control for possible endogenous sorting over the 2002-2006 period during 

which innovation is measured. The results are reported in Table 5.6. Secondly, we utilize an instrumental 

variables (IV) estimation in which we instrument the Simpson index with two exogenous variables. 

Those results are reported in Table 5.7. 
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Table 5.6: Results with Predetermined and Time-Invariant Diversity Measures 

 (5.6.1) (5.6.2) (5.6.3) 

VARIABLES innovative product process 

Co-location
1
  -0.265** -0.338** -0.0713 

 (0.117) (0.131) (0.128) 

Ln(unique)
1
  0.124 0.0805 0.160* 

 (0.0971) (0.102) (0.0931) 

Simpson index
1
 -0.382 -0.270 0.00939 

 (0.326) (0.392) (0.403) 

High-skill intensity of foreign employment 0.415*** 0.642*** 0.0290 

 (0.161) (0.174) (0.174) 

Youthfulness of foreign employment 0.287*** 0.246** 0.131 

 (0.110) (0.108) (0.127) 

N 5586 5586 5586 

Log-likelihood -2923 -2612 -2655 

Notes: 
1 

The variables listed above have been fixed at their 2000 values. All estimations include the same variables on firm and 

regional characteristics as in Table 1, as well as sector and time fixed effects. 
 
Specifications are estimated with pooled logit 

model. 
 
*** p<0.01, ** p<0.05, * p<0.1.  Robust standard errors are given in parentheses. All the standard errors are clustered 

at the municipality level. 

 

Econometric Specifications with Time-Invariant Diversity Measures  

Fixing all of the measures on the composition and richness of diversity at their values in 2000 provides in 

columns (5.6.1) and (5.6.2) additional evidence that extensive homogeneity (co-location) is bad for 

innovation, while ln(unique) has a positive and statistically significant coefficient in specification (5.6.3). 

We do not find a conclusive effect of the Simpson index (although the positive effect returns for product 

and process innovations once we again restrict firms to the sub-sample of Table 5.5). High-skill intensity 

and youthfulness have also positive impacts on the innovation propensity, specifically on product 

innovations.  

 

 

Instrumental Variables Estimations  

The strongest assumption we made so far is that our estimations do not suffer from a reverse causality 

in the relationship between migration and innovation. Finding a country-wide natural experiment at the 

firm level to avoid this reverse causality is simply not realistic. It is, however, possible to account for 

potential bias by instrumental variables estimation which is by far the most common technique to 

address the endogeneity issues in non-experimental studies. It is not possible to find instruments for all 

potentially endogenous variables. The crucial question to ask is therefore which of the five immigration-

related variables is likely to be most affected by observed innovativeness of specific firms. The literature 

suggests that we should be most concerned about the share of foreigners generally (e.g. Ozgen et al., 

2012) and that potentially endogenous diversity among immigrant employees is of secondary order.  
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Among the three components of diversity we explore in this paper, the Simpson index is the only one 

that includes the natives as a category in the calculation of the index. This index is used to measure the 

overall diversity of the firms, and it is more than 90 percent correlated with the relative share of 

foreigners in the total firm size. We, therefore, argue that the underlying construct under this measure 

reflects an aspect of foreign employment that is broadly visible to foreigners who are looking for jobs. 

However, this is not the case for the co-location and unique variables. The cultural composition of the 

firms is not explicitly known by the foreigners and may vary substantially based on sectors. Moreover, as 

a firm policy, the background of workers cannot be disclosed explicitly as it may conflict with privacy 

policies. We therefore instrument just the Simpson index with two exogenous variables that do not 

correlate with the error term of the regression but that are good predictors of the foreignness of the 

overall workforce in firms.  

Table 5.7: Instrumental Variables Estimations 

1
st

 Stage Estimation Simpson index   

Total number of foreign restaurants per municipality 0.001***   

 (0.0001)   

Ln(allochtoon population per municipality) 0.024***   

 (0.002)   

N  5578   

R
2
_between 0.073   

R
2
_within 0.001   

R
2
_overall 0.069   

 

 
2

nd
 Stage Estimation 

 (5.1) (5.2) (5.3) 

VARIABLES innovative product process 

Co-location -0.317*** -0.440*** -0.0567 

 (0.106) (0.123) (0.125) 

Ln(unique) 0.0871 0.00918 0.197*** 

 (0.0719) (0.0732) (0.0710) 

Simpson index -1.701* -0.977 0.145 

 (0.892) (1.127) (0.936) 

High-skill intensity of foreign employment 0.414*** 0.636*** 0.0195 

 (0.160) (0.169) (0.176) 

Youthfulness of foreign employment 0.233** 0.200* 0.0970 

 (0.115) (0.110) (0.129) 

N 5586 5586 5586 

Log-likelihood -3778 -3377 -3138 

Notes: 
 
All estimations include the same variables on firm and regional characteristics as in Table 1, as well as sector and time 

fixed effects. Specifications are estimated with the IV estimation model. 
 
*** p<0.01, ** p<0.05, * p<0.1. Robust standard errors 

are given in parentheses. The Simpson index is instrumented with the total number of foreign restaurants per municipality and 

the natural logarithm of allochtoon population per municipality. All the standard errors are clustered at the municipality level. 
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We firstly introduce a novel instrument, namely the total number of foreign restaurants per 

municipality. We argue that the presence of foreign restaurants in an area can be an obvious cause of 

sorting the foreign workers (Clark et al., 2002; Shapiro, 2003; Florida, 2003). While there is some 

commuting between municipalities, the supply of foreign workers is largely local. On the other hand, it is 

implausible (and often impossible given zoning regulations) that innovative firms spatially sort in terms 

of the availability of foreign restaurants. Of course, over the period considered innovative firms could 

recruit foreign workers who trigger a demand for foreign restaurants. However, the restaurant density is 

calculated at a time that preceded the panel data by at least six years. Hence, for the first and second 

wave of the panel data, we use restaurant density data from 1996 and 1998, respectively. Admittedly, 

deeper lagging would be preferable but this is not feasible with the available data. The source of the 

data on ethnic restaurant location is the HORECA dataset in the Netherlands.87 

Secondly, we also use the natural logarithm of the lagged “allochtoon” population per municipality 

(again lagged six years). The spatial allocation of the stock of migrants in 1996 is the cumulative result of 

migration flows in previous decades that are the result of many socio-economic and institutional factors 

(e.g. Greenwood, 1969) and it is plausible to assume that these are not correlated with the error term of 

the 2002 and 2006 innovation regressions. The instruments explain 7 percent of the between-variation 

in the Simpson index, and the lagged total number of foreign restaurants per municipality appears as a 

strong instrument with the F-test statistic is larger than 10. The results and IV test statistics are given in 

Table 5.7. We find that our previous results are robust to IV estimation.  

It is again confirmed that the co-location measure is negative and significant for innovation as a whole 

and for product innovation at the 1 percent level, while these innovation propensities are both boosted 

by increasing high-skilled intensity and youthfulness of foreign employment. Process innovations benefit 

significantly from a larger number of cultural backgrounds. However, the instrumented Simpson index is 

now negative but only significant at the 10 percent level for innovativeness generally. This suggests a 

potentially positive bias in the impact of the Simpson index reported in Table 5.5. However, the 

magnitudes of the other coefficients are fairly similar to those in the previous estimations in Table 5.3.  

 

5.6 Conclusion  

 

In this chapter we used micro data from The Netherlands to investigate links between innovation 

activity at the firm level and the presence of immigrants among the firm’s employees. We constructed a 

unique dataset that linked two innovation surveys with administrative and tax data on firms and on 

workers. This dataset permitted us to identify the human capital of immigrant workers (in terms of age 

                                                           
87

 HORECA is an acronym for Hotels, Restaurants and Cafes. This dataset covers the registered bars, restaurants, hotels and all 

the other businesses in this sector. The data coverage is good. The data are currently available from 1996 until 2007. The 

number of foreign restaurants is counted at the municipal level by the nationality of the cuisine at the time of registration. For 

each restaurant, the main location is registered; no franchise branches are registered. This leads to unique listing, and excludes 

double counting. Moreover, restaurants with a combined Dutch/French cuisine are excluded from the total. 
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and broad skills) and their diversity by country of origin. The latter was defined in three different ways: 

the overall diversity in firm employment measured by the Simpson index, a co-location index (that 

measures cultural homogeneity among the foreign born), and the unique number of birthplaces 

present.  

We estimated a wide range of panel and pooled logit models and found particularly robust evidence 

that cultural homogeneity as measured by the co-location index has a negative effect on innovation. 

This can be seen from Table 5.8 which summarises the results of this chapter. The table shows that at 

the firm level, different components of diversity benefit different types of innovation at varying 

magnitudes. Not all forms of diversity are beneficial, while not all types of innovations are equally 

influenced by diversity. A greater Simpson index, roughly corresponding with a smaller share of 

Netherlands-born employees, sometimes lowers innovation. However, greater diversity among 

immigrant employees (measured by a smaller co-location index) has a positive impact on product 

innovation, while the cultural ‘richness’ of the work force (measured by the unique number of 

birthplaces present) boosts process innovation. The results also show that the skill intensity of foreign 

employment enhances innovation. Skills clearly matter for innovation. The results are robust to 

accounting for possible endogeneity of the Simpson index. 

The positive effect of diversity should not, however, be overstated. As the literature shows, innovation is 

predominantly driven by firm scale, performance, external conditions and institutions. In any case, 

different types of innovations have different requirements. Moreover, the evidence reported here is not 

informative of exactly how the employment of immigrants affects innovation. Early in this chapter we 

reviewed a wide range of channels through which immigrant workers can positively or negatively impact 

on a firm’s ability to innovate. In order to investigate which of these channels operate in practice and 

contribute most to the observed outcomes, new research approaches might be desirable. These could 

include experimental designs and the analysis of surveys at the firm level. Mixed qualitative and 

quantitative methods may also be helpful. The contribution of second generation migrants, who are 

often better educated than new arrivals, to innovation is also a promising avenue for further research. 

However, such additional research is unlikely to overturn the key message of this chapter that policies 

that promote the recruitment of high-skilled talent from abroad may not only assist in alleviating 

shortages in certain types of specialised employment, but may also contribute to a nation’s innovation 

capacity when such talent is recruited from a wide range of source countries.  
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Table 5.8: A Summary of Results of the Random Effects Estimations 

Variables Innovative Product Process 

All firms Sign of the predicted coefficient 

Co-location index (-)*** (-)*** (-) 

Unique number of birthplaces (+)     (+)    (+)** 

Simpson index (-)     (-)     (+)     

Firms with international markets orientation
a
 Sign of the predicted coefficient 

Co-location index (-)     (-)** (+) 

Unique number of birthplaces (+)** (+)    (+)** 

Simpson index (-) (-)    (+) 

Firms with domestic markets orientation
a
 Sign of the predicted coefficient 

Co-location index (-)*** (-)*** (-) 

Unique number of birthplaces (+)    (+)    (+)* 

Simpson index (-) (+)    (+) 

Sub-sample of sectors with highest  

percentage of low-skilled workers excluded
b
 

Sign of the predicted coefficient 

Co-location index (-)*** (-)*** (-) 

Unique number of birthplaces (+)     (-) (+)*    

Simpson index (+)*     (+)**    (+)*    

All firms- All diversity measures fixed at 2000 Sign of the predicted coefficient 

Co-location index (-)** (-)** (-) 

Unique number of birthplaces (+)    (+)    (+)*    

Simpson index (-) (-) (+)     

Instrumental Variables Estimation Sign of the predicted coefficient 

Co-location index (-)*** (-)*** (-) 

Unique number of birthplaces (+)    (+)    (+)*** 

Simpson index (-)*     (-)     (+)    

    

Notes: 
a 

Markets that the firms produce are derived from the responses to the question: “In which geographic markets did your 

enterprise sell goods or services?”; 
b 

Excluded sectors are Low-skilled Business Services (Cleaning, security, call centres, 

secretaries, photography developers etc), Retail Trade, Hotels and Restaurants, and Manufacturing n.e.c (Furniture, Recycling 

n.e.c. etc). (+) and (-) signs indicate the sign of the estimated coefficients.
 
 *** p<0.01, ** p<0.05, * p<0.1. 
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6. Sorting Out the Impact of Cultural Diversity on Innovative Firms: An 

Empirical Analysis of Dutch Micro-Data88 

 

  

 

 

 

 

 

 

 

6.1 Introduction 

 

“The best way to have a good idea is to have a lot of ideas.” 

The quote above is from Linus Pauling, a Nobel Laureate twice, and emphasizes the importance of 

having various ideas in creative success (as cited in Uzzi and Dunlap, 2005). The economics of diversity 

literature stresses that it is not so much ideas that are common, but instead ideas that are different 

which are those most likely to make the change and spur knowledge accumulation. Ideas in the public 

domain help us to communicate, whereas exclusive ideas are important to bring in originality in 

collaborative work (Berliant and Fujita, 2012).89 In this age, where non-rivalrous knowledge (Romer, 

1993) is widespread and accessible more than ever, it is a challenge for firms to transform potentially 

new knowledge in productivity growth.  

 

To explore the impact of these pervasive phenomena, we look specifically at within firm diversity. 

Although much information has become widely available, it is people and the interaction amongst them 

that makes the difference in the way circulated information and ideas are understood, interpreted and 

used. Country specific attributes increase heterogeneity amongst individuals, even though they might 

                                                           
88

 This research is part of the Migrant Diversity and Regional Disparity in Europe (MIDI-REDIE) project, funded by 

the NORFACE research programme Migration in Europe: Social, Economic, Cultural and Policy Dynamics. Earlier 

versions of this chapter have been presented at the Eureka Seminar at the VU University Amsterdam (2012), and at 

the Workforce Heterogeneity and its Impact Conference (2012) at IAB Nurnberg, and Migration: Global 

Development, New Frontiers Conference in UCL, London (2013). This chapter is available as a Norface Migration 

Research Discussion Paper No 2013-12 (see Ozgen and de Graaff, 2013).  
89

 Lazear (1999) made a similar argument in the context of the trade-off between culture and language. 
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have similar educational backgrounds (Mattoo et al., 2012). Moreover, due to the dynamic nature of 

knowledge accumulation, individuals’ location and migration over time and space may significantly 

impact their knowledge endowments. In an economic setting where labour is mobile, knowledge 

transfers do not necessarily need to be restricted by public mechanisms (i.e., schooling), but may be 

spurred as well by the influx of migrants and their ideas. Therefore, we focus on firms and their foreign 

employees from different countries of origin. By doing so, we assume that access to a localized diverse 

array of knowledge sets creates a firm specific advantage in knowledge production.  

 

A number of recent studies, mostly from countries such as the USA, New Zealand and Germany, 

estimated the impact of diversity on innovation.90 The focus has been predominantly on the area level, 

where the cultural diversity within the region is used as a innovation and productivity enhancing 

indicator. Far fewer research projects explored the impact of migrant diversity on firms’ outcomes. 

Here, there is some evidence that firms are able to transcend their skill limitations through employing 

relevant people whose experiences help to close the skill-gap firms face, and who bring in unique 

knowledge, that assists firms to be innovative.91  

 

In this literature, observed and unobserved heterogeneity of firms remains a methodological challenge 

for measuring the impact of workforce diversity at the firms. Using various sub-samples of firms—for 

example, selections based on sector specialization, import-export behavior, and location choices—are 

used as a remedy for heterogeneous firms so far (see Trax et al., 2012 for a recent example). A 

disadvantage of this approach is that a-priori it seems hard to identify the dimensions that define the 

firms’ heterogeneity. Moreover, data are usually not available for some of the more crucial dimensions 

(e.g., managerial quality) leading to unobserved heterogeneity. 

 

In this chapter we propose an alternative approach in which we can endogenously segment firms in sub-

samples and can simultaneously deal with unobserved heterogeneity that correlates between firms’ 

innovativeness and diversity. In particular, we are interested in whether firms’ innovativeness benefits 

from the cultural diversity of the firm’s workforce. And if so, which types of firms actually benefit the 

most from cultural diversity?  

 

To understand these knowledge spillovers, we focus on firms as the smallest micro units of production 

where new ideas can be transferred or created amongst employees. We exploit a firm level linked 

employee-employer micro-dataset obtained from Statistics Netherlands. We observe each firm every 2 

years for 3 consecutive periods over 6 years: from 2000 to 2006. The data provides extensive 

information about the characteristics of firms, employees, and the location of both. To explore the 

underlying clusters of firms that exclusively profit from the diversity of the foreigners, we employ a 

multivariate finite mixture model.  

                                                           
90

 See, amongst others, Ottaviano and Peri (2006, 2005); Maré et al. (2013); Kerr (2009); Niebuhr (2010); Hunt and 

Gauthier-Loiselle (2010); Brunow and Blien (2011); Ozgen et al. (2011). 
91

 Navon (2009); Nathan and Lee (2011); Ozgen et al. (2011) and Parrotta et al. (2011) (the studies were conducted 

for Israel, the UK, the Netherlands and Denmark, respectively) are a few examples that studied within firm 

diversity of the workforce and its effect on firm-level innovations. 
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The main advantage of finite mixture modelling within a regression context is that such models can 

endogeneously assign observations to groups or segments, where each segment is estimated separately 

(McLachlan and Peel, 2000). This is in contrast with traditional regression methods, which reflect the 

aggregate estimates for the whole sample, despite the fact that underlying data may be substantially 

heterogeneous. Therefore, the estimated parameters represent the predictions when the parameters 

are the same for all of the observations. Our results show that those approaches might be misleading. 

Indeed, with respect to the various employee, firm and regional characteristics, we find substantial 

heterogeneity within our dataset. 

 

Moreover, this model addresses potential unobserved factors that may simultaneously influence the 

diversity of the firm’s labour force and its productivity. We achieve this by adopting a simultaneous 

estimation procedure for two models, one of which explains firms’ innovativess and the other one which 

explains diversity. If unobserved heterogeneity affects both innovativeness and cultural diversity, then 

segmenting our heterogeneous multivariate sample into more homogeneous multivariate subsamples 

mitigates this problem. 

 

Our main finding is that cultural diversity of the foreign workforce significantly increases the probability 

to innovate at the firm level. However, once observed and unobserved heterogeneity is accounted for, 

the effect is unequal across firms. It is predominantly capital-intensive firms with a focus on knowledge 

and high-tech production (e.g., the sectors research and development, computer and related and 

manufacturing) that actually benefit from the diversity of foreign labour. These firms are usually large, 

and mostly innovate in more than one type of innovation. Thus, this particular cluster of firms is able to 

utilize the diversity of their foreign employees. Because these firms are more capital than labour 

intensive, they are usually closely located to urban areas with their dense distribution of jobs and 

population, but not necessarily within these areas. Firm-level innovativeness benefitting from cultural 

diversity does not seem to be a particularly urban phenomenon.  

 

The remainder of this chapter reads as follows. The next section provides a concise theoretical 

exposition of the ways in which immigrants and cultural diversity among foreign born or second 

generation ethnic workers may influence innovation. Section 6.3 outlines the empirical model and the 

measurement of cultural diversity. Subsequently, Section 6.4 describes how the data were constructed, 

while Section 6.5 discusses the results of our analysis. Section 6.6 concludes.  

 

6.2 Theoretical Background 

 

Knowledge flows across any spatial scale have never been as exhaustive as nowadays. People all over 

the world can access various types of information and insights one could not have imagined just half a 

century ago. However, due to this immense inflow of codified information (Audretsch and Feldman, 

2004), the uniqueness of the knowledge people possess is subject to erosion, which leads to a process of 

homogenization of knowledge. It is not only the information flow through formal channels (i.e., via 

official documents or the internet), but also through the mobility of the people transmitting tacit and 
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unique knowledge, that knowledge gets spread. Theory indicates that firms indeed benefit from unique 

knowledge that people possess (Prat, 2002), but to what extent it is crucial for competitive firms to 

benefit from the flow of knowledge and diversity that people bring in to remain innovative, is still an 

empirical question.  

 

Until very recently, neither the innovation nor the migration literature concentrated on the potential 

role of workforce diversity at the firm level. Moreover, human capital and economic growth theories 

also did not make a distinction between various particularities of skilled labour (Romer, 2009). Clearly, 

the shortage of attention partly stemmed from the unavailability of micro-level data. Another reason, 

however, might be the absence of recognition of the heterogeneity of employees. In reality, two people 

with identical educational backgrounds and experience may show different productivity levels.92 Part of 

this difference can be attributed to personal abilities and motivations, while the cultural background of 

people can also be an informative, albeit imperfect, proxy, for intrinsic productivity influenced by 

cultural background and working habits.  

 

Most studies within the economics of diversity literature assume that knowledge production is a 

function of the public knowledge of employees as well as their private (and usually distinct) knowledge. 

Firms acquire this (distinct) knowledge by inter alia employing foreign workers in addition to 

cooperating internationally or participating in relevant networks. Diversity can also be enhanced by 

employing more women, older or younger workers, or disabled workers. Workers who are dissimilar 

relative to other workers are more likely to have distinct knowledge from others. This allows the 

workforce to learn from each other, thus leading to increased productivity within the firm, despite some 

linguistic and cultural barriers (Lazear, 1999; Florax et al., 2005).93 In our case, the dissimilarity condition 

is satisfied by having employees from different birthplaces. Moreover, the employees are assumed to be 

able to communicate as required; a condition which we assume satisfied because workers are recruited 

for specific tasks. This implies that homogeneity of the workers in terms of their cultural background 

may slow down the innovation process. This is reflected in (Agrawal et al., 2008), who find a negative 

interaction or substitution effect between co-location and co-ethnicity on the probability of a knowledge 

flow between inventors. 

 

 

6.3 Methodology 

 

Directly assessing the impact of cultural diversity on the innovativeness of firms is likely to be flawed 

because of possible unobserved factors, such as managerial quality, openness of the firm and position of 

the firm within its trade network. These factors might affect both cultural diversity and firms’ 

innovativeness and thereby creating a possible source of bias. To address this, we adopt a multivariate 

                                                           
92

 Since, as common practice in econometric specifications, all employees with similar education/skill levels have 

been included into similar categories. 
93

 This line of reasoning is consistent with recent field experiments that show that there indeed is evidence of a 

(small) positive impact of cultural diversity on team performance (see Mitchell and Nicholas (2006) and 

Hoogendoorn and van Praag (2012) for empirical results). 
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finite mixture approach for two reasons: to address (i) the underlying heterogeneity of the impact of 

within-firm workforce diversity on the innovativeness of the firms in the Netherlands, and to control for 

(ii) unobserved heterogeneity.94  

 

Our modelling approach has two important features. First, we allow for our sample to be a mixture of 

multiple subsamples (with varying characteristics), yet we do not know the proportions of these mixed 

distributions a-priori. We aim to segment the sample of firms through identifying more or less 

homogeneous segments (groups). We do so while for each segment predicting the parameters of the 

density function underlying the observed data. Such a finite mixture model addresses the underlying 

heterogeneity endogenously and allow us to cluster the firms according to the possible benefits they 

reap from the diversity within the workforce and the other control variables. Segmenting 

heterogeneous firms into a smaller number of homogeneous subgroups thus enables us to identify the 

various firms’ responses in terms of innovativeness to labour diversity.  

 

Second, by incorporating a simultaneous estimation procedure, we are able to address potentially 

unobserved heterogeneity and possible sorting of a diverse workforce to innovative firms.95 Obviously, 

there can be numerous latent factors that simultaneously influence the sorting of a diverse workforce to 

firms, and increase, at the same time, the productivity of firms in terms of their innovativeness. To 

tackle this problem, we simultaneously model innovation and diversity, where the latter is used as well 

as a control variable for the former. The possible correlation between the models, denoting unobserved 

heterogeneity, is then identified through the probability mass each segment has for the parameters of 

the two models combined.  

 

The main assumption of our approach so far is that cultural diversity within a firm has an impact on 

firms’ innovativeness and not vice versa. There are, however, two possible causes for reverse causality. 

First, (skilled) foreign employees could be attracted to innovative firms. However, our assumption can 

be argued to be, at least partly, justified because we measure a composition effect and not a volume 

effect of foreigners: namely, when firms recruit a relatively large number of foreigners, prospective 

foreign employees will be attracted to the presence of colleagues of their own cultural background. 

Second, and more problematic, it could be the case that the innovative firm itself actively seeks 

appropriate talent from all over the world. Indeed, according to a recent Forbes report (Forbes, 2011), 

firms recognise the importance of diversity as a key driver of innovation—although improving gender 

diversity is generally seen as the most important issue. However, if firms actively promote cultural 

                                                           
94

 Finite mixture models are not widely used in economics, except in marketing (see, e.g., Jedidi et al., 1997; Wedel 

and Kamakura, 2000) and labour economics (e.g., Lancaster 1990). Recently, probably due to the increased 

computing power and the availability of new software, finite mixture approaches have received more attention 

(see, e.g., Baum-Snow and Pavan, 2012; Lankhuizen et al., 2012). 
95

 The usual approach to account for unobserved heterogeneity within a panel is to use a fixed effects approach. In 

this chapter, we choose not to because of two main reasons. First, intertemporal variation in our dataset is low, 

especially concerning the innovations and cultural diversity variables, which renders fixed effects estimation 

cumbersome. Moreover, a fixed effects approach does not necessarily remove all unobserved heterogeneity. 

Second, we are not only interested in the level effects (the various constants), but also in the variation of the slope 

parameters (or the various impacts cultural diversity has on innovativeness). 
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diversity to foster innovation, then reverse causality causes our estimate to be biased upwards. 

However, we expect this mechanism to apply only to large and international firms. Most firms recruit 

locally, or regionally, and take the ethnic composition of the labour force as given. 

 

The analysis proceeds in a two-step procedure. First, we look at the impact of a diverse workforce, on 

varying innovation types, by using a simultaneous finite mixture procedure where the firms are 

endogenously segmented. To set this up as broadly as possible, we allow all our covariates, including the 

diversity measure, to vary.  

 

In the second stage, we analyze each segment looking at the firms’ characteristics in each segment. 

Thus, we look at each firm’s probability to ‘belong’ to more or less homogeneous segments and use the 

firms’ characteristics to describe a posteriori these estimated segments. This enables us to discern 

between groups of firms which are similarly affected by diversity. 

 

We describe our econometric model and diversity measure in subsections 6.3.1 and 6.3.2, repectively.  

 

6.3.1 Econometric Model 

Our aim is to model the impact of diversity on innovations while controlling for unobserved 

heterogeneity. To do so, we start with the following conceptual model:  

 

  

( ) ( )
i iit it it itPf P X f Dδ δβ γ ε= + +    (6.1a) 

( )
iit it itDf D Y να µ= +      (6.1b) 

 

  

where fP(Pit) is a measure of the innovativeness of firm i at time t, Xit and Yit denote firm specific 

characteristics at time t, fD(Dit) is a measure of firm specific cultural diversity at time t, i.e., our variable 

of interest, 23+, �3+ and 43+ are firm specific parameters to be estimated, and εi and µi denote i.i.d. error 

terms. 

 

As argued above, it is very likely that the relationship between firm innovation and cultural diversity is 

influenced by unobserved variables, which thus leads to unobserved heterogeneity bias. Here, 

unobserved heterogeneity is denoted by 5�  and �� and is assumed to vary over firms. Moreover, we 

assume that unobserved heterogeneity has an impact on all parameters (23+, �3+  and 43+) and, finally, 

that there are multiple homogeneous subsamples with similar parameters.96 When 5�  and �� are 

uncorrelated, unobserved heterogeneity does not pose a problem for a direct estimation of equation 

                                                           
96

 Note that this is a step further than the mass-point approach as advocated by, e.g., Heckman and Singer (1984) 

and Abbring and van den Berg (2003) where only the intercepts are allowed to vary and correlate between 

simultaneous models. Here, the entire parameter vectors are allowed to vary. 
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(6.1a). However, when they are correlated, estimating equation (6.1a) without taking into account 

equation (6.1b), causes both �  and γ parameters to be biased.  

 

An example is the case of managerial quality. Suppose that there are two types of firms within the 

sample, those with a high managerial quality and those with a low managerial quality and that we do 

not have any information which firm belongs to which group. Moreover, firms with high managerial 

quality attract a culturally diverse workforce and are very likely to innovate. On the other hand, firms 

with low managerial quality do not have a culturally diverse workforce and are less likely to innovate. 

Thus, the observed high impact of cultural diversity on innovation should in fact be attributed to 

unobserved managerial quality.  

 

The empirical strategy we employ to control for unobserved heterogeneity is to segment our sample 

into homogeneous groups of firms. In the above example this means that we would like to segment our 

sample into two groups of firms; those with high and those with low managerial quality. In reality, the 

dimensions along which segmentation takes place are of course unknown. We proceed by integrating 5�  

and �� out as follows.  

 

( , ) ( ) ( ) ( ).it it it it i iP Df P D f P f D dG
δ ν

δ ν= ∫ ∫                   (6.2) 

 

Finally, we use the assumption that 5�  and ��  are homogeneous within (a finite number of) S subsets, 

and then equation (6.2) boils down to the following finite mixture specification:  
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1

0, 1.
S

is iss
π π

=
≥ =∑  For more details concerning estimation we refer to Appendix 6.A.  

 

6.3.2 Measuring the Diversity of the Workforce 

The literature offers various kinds of diversity measures (see, e.g., Alesina and La Ferrara, 2005). The 

measure used in our study incorporates two aspects of a non-homogeneous population. Firstly, we 

account for the relative share of each unique group in total population. Secondly, total variation in 

terms of richness of the population is considered (For a more detailed discussion about the index see 

Ozgen et al. 2012). The index is calculated as follows:  

6
2

1
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it jit

j

D s
=

= −∑           (6.4) 
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where sjit is the share of the group j (j=1,…,6) employed in firm i at time t. The index can get values 

between 0 and 5/6 (in our case).97 A value of 0 refers to complete homogeneity and the index turns to 

its maximum value when no migrant in the same firm share a common birth place. Natives as a group 

are excluded, since it is our aim to measure the diversity among foreign employees. Once natives are 

included the diversity index becomes 96 per cent correlated with share of foreigners, which is a crude 

measure of a firm’s overall foreigness.  

 

In addition to the diversity measure, other controls are included in the estimation. It is possible to group 

the covariates into three categories. These are variables on employee characteristics, firm-level controls 

and agglomeration variables to account for the regional features that may influence firms’ location 

decisions as well as knowledge inflows from their external environment. All the estimations include the 

natural logarithm of firm size (employment) to take the firms’ evolution into account. Moreover, the 

financial and personnel related obstacles that the firms encountered during the innovation process are 

controlled for. We expect that the firms facing such difficulties should be more likely to innovate since 

these are indications to grow and innovate further (for a discussion, see Ozgen et al., 2011). The last 

firm-level variable is openness of firms to change, and it appears to be a robust indicator as one of the 

soft factors that boost innovativeness in the recent innovation literature (Jensen et al., 2007). Openness 

to change refers to whether the firms went through organizational changes with respect to third parties 

in the last 3 years. 

 

The second set of variables relate to the employee characteristics. A firm’s employee profile may make a 

distinctive contribution to its success to innovate. In addition, based on the needs of various sectors, the 

firms certainly differ on their search of employee qualities. To address potential heterogeneity, we 

consider the youthfulness, skills or qualities and the diversity of the firm’s workforce. Since we 

specifically devote attention to tacit knowledge, ideas, and abilities that the foreign employees may 

possibly bring in, we construct our employee measures only with non-natives. Therefore, the 

youthfulness of the employees refer to relative share of foreign employees aged 25–45 to the total 

foreigners in a firm; and similarly, the high-skill intensity of foreign employees is the relative share of 

highly skilled foreigners among total foreigners in a firm. Finally, we include some regional controls to 

assess how firms’ locational choices contribute to their innovation behaviour. Locating in dense urban 

economic agglomerations and the role of local competition appear as important indicators of 

innovations in the literature (Carlino et al., 2007). 

 

Cultural diversity within the firm is modeled by ‘exogenous’ determinants, namely the foreign 

population per municipality and the number of second generation immigrants with both parents born 

abroad per firm. For each wave of the innovation surveys, the former is lagged for 6 years after a firm 

submitted the questionnaire back in the respective period. The migration literature shows that 

                                                           
97

  The squares of relative shares are summed over six large regions in the world, namely the EU15, other European 

countries, North America, South-east Asia, East Asia and Oceania, and Rest of the World. While creating these 

groups we tried to maximize the differences between groups and the similarities within groups. Thus, the grouping 

is broadly based on the cultural distances between countries. The Rest of the World category comprises various 

countries from which there are only a small number of immigrants in the Netherlands. 
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immigrants persistently follow each other over time. A municipality that was the destination of earlier 

generations of immigrants is likely to attract more newcomers for various purposes. Thus, firms that 

select their employees from a labor pool at their vicinity, are likely to encounter more foreigners. On the 

other hand, second generation foreigners have more information about the market conditions and 

firms’ employment strategies. Therefore, they are more likely to self-select to firms renowned for 

employing foreign workers. However, since both of the parents of these second generation immigrants 

were born abroad, they should still carry the characteristics of their native cultures.  

 

6.4 Data 

 

We constructed a linked employee-employer dataset by using 3 different high-quality firm and 

individual level micro-data sources. Since the datasets used are at the micro-level, they were obtained 

under a confidentiality agreement with Statistics Netherlands. The study period extends over 6 years 

from 2000–2006. As a result of a 3 steps merging procedure, 888 firms can be observed every two years, 

over the 6 years. Hence, in total, we have a balanced panel of firms with 2,664 observations. 

Altogether four different data sources are exploited:  

 

• Community Innovation Survey (CIS). This dataset provides information on the innovation outputs, 

the innovation inputs and the obstacles to innovations at the firm level. Each period contains 

about 11,000 observations of firms. There is a 2-years timelag between when the questionnaires 

are sent to the firms, and when the responses are collected.  

• Municipal registrations. This dataset provides information on the cultural background and the 

demographics of the employees. It registers all people living in the Netherlands and contains 

about 16 million observations.  

• Tax registrations. This dataset provides information on all the employed tax payers and their work 

and firm characteristics. It registers about 10 million employees where an employee can be 

observed repeatedly during the year.  

• National statistics. These are various statistics on agglomeration variables and are obtained at the 

municipal level.  

The firms in our dataset are sampled from the Community Innovation Surveys, CIS 3.5 (2000–2002), CIS 

4 (2002–2004), and CIS 4.5 (2004–2006) which provides the anchor of our empirical strategy. The CIS 

surveys defines two major types of innovations, namely product and process. The exact definitions of 

these innovation types are as follows: a product innovation is the market introduction of a new good or 

service or a significantly improved good or service with respect to its capabilities, such as improved 

software, user friendliness, components or sub-systems; a process innovation is the implementation of a 

new or significantly improved production process, distribution method, or support activity for a firm’s 

goods or services.98 All the innovation variables are in binary form, thus if a firm reported an innovation 
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 Moreover, if a firm reported innovation in one of these categories and/or aborted an ongoing innovation effort 

for various reasons, the firm is coded as innovative in the CIS database. We do not use innovations as a whole as a 

dependent variable due to its vague definition. Using product or process innovation as dependent variables reveals 
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at a particular period, the value of the variable is ‘1’, and ‘0’ otherwise.99. The number of firms that 

answered all CIS questionnaires over the years decreases substantially. We, however, cannot track down 

why firms exited the sample. 

 

In this study, a foreigner is defined as an employee who was not born in the Netherlands. The only time 

invariant identifier of an employee’s background that is available to us is birthplace. Consequently, we 

proxy the employees’ cultural background through their birthplaces. Acknowledging that culture is a 

multi-dimensional concept, and is shaped by many things in addition to the birthplace’s unique 

characteristics and customs, the data do not allow us to control for further dimensions. Therefore, this 

study uses diversity of foreigners by birthplaces as an indication for cultural diversity within the firms. 

Unfortunately, our data do not include the entry time of the foreigners in the host country. 

 

Table 6.1: Descriptive statistics
a

 (N=2,664) 

Variables Mean Std. dev.

Firm innovated 0.525 0.499

Firm innovated products 0.401 0.491

Firm innovated processes 0.379 0.485

Firm size (total employment) 423 773

Firm’s openness to change 0.161 0.367

Obstacles: Lack of personnel 0.581 0.858

Obstacles: Cost 0.576 0.913

Number of firms per job (Nuts 3 level) 0.104 0.0202

Number of firms per municipality 59 54

Diversity index 0.566 0.187

High-skill intensity of foreign employment
b
 0.134 0.217

Youthfulness of foreign employment
c
 0.596 0.225

Foreign population per municipality 41702 83454

Number of 2
nd

 generation foreigners in a firm (both parents born abroad) 10 38

Notes: 
a
 Due to the confidentiality agreement with Statistics Netherlands, minimum and maximum values of the variables 

cannot be displayed. 
 b

 Share of highly-skilled foreigners in total foreign employment per firm.  
c 

Share of foreigners aged 25–45 

in total foreign employment per firm. 

 

 

Table 6. gives the summary statistics of our data.  The firms that appear in our balanced panel are quite 

large; 85 per cent of them have 100 or more employees. Therefore, the interpretation of the results 

should address large firms, and not necessarily small or medium-sized firms. More than 50 per cent of 

the firms are innovative and many firms reported innovations in multiple categories, namely process or 

product innovations.  

 

                                                                                                                                                                                           
qualitatively similar results to our main findings, and the use of overall innovativeness produces only marginally 

significant results for the impact of diversity (at the 7% level). 
99

 Note that these variables are self-reported by the firm and not validated by Statistics Netherlands. 

Unfortunately, we cannot investigate whether this leads to a selection bias. 
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We have more than 1 million employees (1,127,210); 11 per cent of which are born outside of the 

Netherlands. On average, there are 51 foreigners and 15 distinct birth places present in each firm. 

Foreigners are relatively low-skilled, whereas they are significantly younger than the native employees. 

However, we focus on the quality of the human capital of the foreign employees rather than their 

relative skill level to natives. In this respect, we measure the high-skill intensity of foreigners relative to 

the total foreign employees in each firm. Therefore, on average 13 per cent of the foreigners are highly 

skilled, and 60 per cent of them are aged between 25–45 year.  

 

6.5 Findings 

 

Our main interest is whether within-firm diversity increases the probability to innovate, and if so, which 

firms actually benefit from it. We thus scrutinize whether it is possible to generalize the possible 

contribution of a diverse workforce for heterogenous firms. Subsection 6.5.1. first presents the results of 

the estimations whereas subsection 6.5.2 describes the firms’ composition over the various segments.  

 

6.5.1 Estimation Results 

Our econometric specification includes three sets of variables; variables related to firm characteristics, 

to employee characteristics, and finally control variables for economic agglomeration at different 

regional classifications. The diversity of the workforce is the variable of interest, and we test its impact 

on product and process innovations. In our data, innovations appear as a binary variable, and are 

therefore modeled with a logit model.100 The model that explains diversity is measured with a linear 

regression model.  

 

Given the total number of observations and the computational limitations (specifically, due to the binary 

dependent variable for innovations), three segments performed as the best choice, and seem to 

sufficiently address the underlying heterogeneity of firms, once model (6.3) is estimated.101 

Table 6.2 displays the ‘performance’ of our model, where the column ‘Size’ gives the number of firms 

actually assigned to each segment; where the assignment is based on the highest probability of a firm to 

belong to a particular segment. The column ‘Posterior’ reports the number of firms in each segment 

with a posterior probability exceeding 0.0001. The number of firms in column (2) exceeds the number of 

firms in (1), which indicates that some firms have membership probabilities exceeding the threshold for 

more than one segment. The values for the ratio in the third column indicate that there is some overlap 

for our data. Segment 2, and to a lesser extent segment 1, forms a group of observations that has 

distinct characteristics from the other observations. Segment 3 seems to be less distinct (and includes 

fewer number of observations). Overall, the results give additional evidence that using three segments 

adequately tackles the heterogeneity within this dataset. 
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 Our findings are robust when a linear probability model is applied instead of a binary logit model. 
101

 To estimate equation (6.3) we use the ‘flexmix’ package in the free software environment ‘R’ (Leisch, 2004). The 

Akaike and Bayesian Information Criterion (AIC and BIC) indicate that three segments perform better than a 

smaller number of segments. As already noted, using a larger number of segments face computational difficulties. 



 

Table 6.2: Summary statistics of the finite mixture modelling results

Segments Size (1) 

1 1,053 

2 1,251 

3 360 

Total 2,664 

 

 

The same information is conveyed by the rootograms in Figure 6.1, which gives the posterior 

probabilities of membership for each segment.

observations are close to 0 and 1, firms are well segmented. When there is a high probability mass in the 

middle, firms can belong to multiple segments with significant probabilities. 

Figure 6.1: Rootograms of segments

 

The overall results (displayed in Table 6.3) are in line with our theoretical expectations, the novelty of 

incorporating a finite mixture approach proves to be critical though. We observe that the theoretical 
expectations and the empirical findings of the economics of diversity literature so far appear to be valid 

only for a certain group of firms (which we label in our c

is taken into account.  

 

Column (1) in Table 6.3 gives the estimates for the whole sample for both the probability of product 

innovation (
it

P ) and the diversity (

innovations, which is in line with, e.g., Niebuhr (2010) and Nathan and Lee (2013). If the diversity index 

increases with one standard deviation (which equals to 0.187), then the probability for 
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 Firms with posterior probabilities smaller than 0.0001 are omitted. Usually many firms in each segment have 

posterior probabilities close to zero. To avoid having the high count in the corresponding bar obscure the 

information in other bars of the rootogram, these product groups are omitted (see, e.g., Leisch, 2004). Moreover, 

note that for comparison reasons the vertical axis corresponds to t
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Summary statistics of the finite mixture modelling results 

Posterior (2) Ratio = (1)/(2) 

2,376 0.443 

1,707 0.733 

1,803 0.200 

5,886 0.534 

The same information is conveyed by the rootograms in Figure 6.1, which gives the posterior 

probabilities of membership for each segment.102 These rootograms indicate that, when many 

observations are close to 0 and 1, firms are well segmented. When there is a high probability mass in the 

middle, firms can belong to multiple segments with significant probabilities.  

   

Rootograms of segments (with posterior probabilities larger than 0.0001)

The overall results (displayed in Table 6.3) are in line with our theoretical expectations, the novelty of 

ng a finite mixture approach proves to be critical though. We observe that the theoretical 
expectations and the empirical findings of the economics of diversity literature so far appear to be valid 

only for a certain group of firms (which we label in our case segment 2) once unobserved heterogeneity 

Column (1) in Table 6.3 gives the estimates for the whole sample for both the probability of product 

) and the diversity (
it

D ). Clearly, cultural diversity has a large impact on product 

innovations, which is in line with, e.g., Niebuhr (2010) and Nathan and Lee (2013). If the diversity index 

increases with one standard deviation (which equals to 0.187), then the probability for 

Firms with posterior probabilities smaller than 0.0001 are omitted. Usually many firms in each segment have 

zero. To avoid having the high count in the corresponding bar obscure the 

information in other bars of the rootogram, these product groups are omitted (see, e.g., Leisch, 2004). Moreover, 

note that for comparison reasons the vertical axis corresponds to the square of the number of firms in each bar.

The same information is conveyed by the rootograms in Figure 6.1, which gives the posterior 

tograms indicate that, when many 

observations are close to 0 and 1, firms are well segmented. When there is a high probability mass in the 

(with posterior probabilities larger than 0.0001) 

The overall results (displayed in Table 6.3) are in line with our theoretical expectations, the novelty of 

ng a finite mixture approach proves to be critical though. We observe that the theoretical 
expectations and the empirical findings of the economics of diversity literature so far appear to be valid 

ase segment 2) once unobserved heterogeneity 

Column (1) in Table 6.3 gives the estimates for the whole sample for both the probability of product 

). Clearly, cultural diversity has a large impact on product 

innovations, which is in line with, e.g., Niebuhr (2010) and Nathan and Lee (2013). If the diversity index 

increases with one standard deviation (which equals to 0.187), then the probability for the average firm 

Firms with posterior probabilities smaller than 0.0001 are omitted. Usually many firms in each segment have 

zero. To avoid having the high count in the corresponding bar obscure the 

information in other bars of the rootogram, these product groups are omitted (see, e.g., Leisch, 2004). Moreover, 

he square of the number of firms in each bar. 
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to innovate increases with 24 percent. However, segmentation (columns 2–4) shows that this only 

accounts for a specific type of firms—the ones present in segment 2 (displayed in column 3). The 

probability for an average firm in segment 2 to innovate increases by 42 percent when the diversity 

index increases by one standard deviation (which equals to 0.085) of the diversity of the firms in 

segment 2. For the firms in segments 1 (column 2) and 3 (column 4) the diversity index has however no 

significant effect.  

 

Table 6.3 shows that the innovativeness of the firms in segment 3 is driven by different inputs than 

those of the two other segments. Although segment 1 and segment 2 show similarities in terms of the 

drivers of innovation, the diversity index of foreign workers materializes to be beneficial for firms 

exclusively in the second segment. The diversity index is not significant for the two other segments. 

Consequently, not only the size of the predicted parameters are different, but also their statistical 

significance alter per segment.  

 

The innovation literature is fairly convincing on the importance of firm size as a robust indicator of 

innovation. Our results, however, exhibit that the natural logarithm of the firm size is positive, yet not 

significant for all three segments (which may be due to the segmentation being driven partly by firm 

size). For firms in segment 1 and 2, lack of personnel at most levels and costs up to a medium level are 

positive and significant inputs of innovativeness, with respect to those firms which did not report any 

obstacle. Firms that restructured their internal organization in relation to the third parties are 

significantly more likely to innovate at least at the 5 per cent level in all segments. Therefore, the 

econometric specification where we accounted for firm’s capacity, obstacles faced during innovations 

and institutional resources for its receptiveness from the outside resources play significant roles in 

determining its probability to innovate. However, the impacts are not even across the different 

subsamples; indeed, different set of firms perform differently with the similar inputs. 

 

The high-skill intensity and the youthfulness of the foreign employment significantly increase the 

probability to innovate for firms in segment 2, whereas none of these inputs prove to be important for 

the firms in the third segment at any conventional significance levels. On the other hand, firms in 

segment 1 benefit from the high-skill intensity of the foreign workers at the five per cent level. 

Eventually, this also shows that inherent differences exist between the sectors. For instance, the capital 

and physical inputs they utilize for innovation or the type of employees they benefit the most from vary 

considerably. 

 

The last set of controls included in the specifications are local competition and density of the economic 

activity at the municipalities. In the Netherlands, functional regions103 are defined as meaningful 

economic regions based on daily commuting distances; therefore to measure the impact of local 

competition we used the number of firms per job at the NUTS 3 level. For the latter, following the 

literature on urban agglomeration economies, a density measure of number of firms per km2 per 
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 At the national jargon these 40 so-called Corop regions correspond to the NUTS 3 division of Eurostat, for 

international comparison. 



128 

 

municipality is employed to account for the role of input sharing, matching and external knowledge 

spillovers on innovations (Carlino et al., 2007). 

 

 

Table 6.3: Results for product innovation and diversity 

Probability of product innovation (Pit) (1) (2) (3) (4) 

 Whole sample Segment 1 Segment 2 Segment 3 

  Coeff. s.e. Coeff. s.e. Coeff. s.e. Coeff. s.e. 

Diversity index (excl natives) 1.149*** (0.264) 1.342 (0.994)  4.079** (1.499) -0.387 (0.706) 

Log firm size -0.013 (0.047) -0.053 (0.089) -0.011 (0.067) 0.146 (0.191) 

Obstacles: Lack of personnel (low level)
a
 0.732*** (0.123) 0.613** (0.209) 0.846*** (0.186) 0.725 (0.396) 

Obstacles: Lack of personnel (medium level)
a
 1.048*** (0.142) 0.841*** (0.239) 1.072*** (0.215) 1.684*** (0.485) 

Obstacles: Lack of personnel (high level)
a
 1.052*** (0.231) 0.658 (0.407) 1.518*** (0.375) 0.815 (1.046) 

Obstacles: Cost (low level)
a
 0.741*** (0.132) 0.580* (0.231) 0.772*** (0.196) 1.238** (0.459) 

Obstacles: Cost (medium level)
a
 0.766*** (0.139) 0.872***  (0.241) 0.653** (0.210) 0.693 (0.450) 

Obstacles: Cost (high level)
a
 0.386* (0.195) 0.141 (0.325) 0.442 (0.308) 0.904  (0.556) 

Openness to change 0.872*** (0.116)  0.893*** (0.202) 0.911*** (0.175) 0.845* (0.393) 

Number of firms per jobs (Nuts3 level) -1.313 (2.607) -0.973 (5.119) 0.763 (4.157) -10.567 (10.33) 

Log number of firms per km
2
 per municipality -0.243*** (0.052) -0.279** (0.102) -0.198*  (0.085) -0.305 (0.209) 

High-skill intensity of foreign employment  1.018*** (0.201)  0.935* (0.382) 0.966*** (0.21) 1.357  (0.743) 

Youthfulness of foreign employment 0.367 (0.200) 0.342 (0.381) 1.007*  (0.394) -0.059 (0.370) 

Period 2002-2004 -0.325* (0.127) -0.112 (0.212) -0.412* (0.193) -0.545 (0.393) 

Period 2004-2006 -0.491*** (0.131) -0.29 (0.224) -0.588** (0.200) -0.609  (0.423) 

Constant -0.781 (0.466) -0.641 (1.077) -3.502*  (1.362) 0.118 (1.764)  

Diversity Index (Dit) (1) (2) (3) (4) 

 Whole sample Segment 1 Segment 2 Segment 3 

  Coeff. s.e. Coeff. s.e. Coeff. s.e. Coeff. s.e. 

Log allochtoon population per municipality 0.004  (0.003) -0.002 (0.002) -0.002 (0.001) -0.004 (0.008) 

Number of 2nd generation foreigners with both 

parents born abroad 
0.0003** (0.0001) 0.0001 (0.0001) -0.0001 (0.0002) -0.010*** (0.002) 

parents born abroad 
        

Constant 0.525*** (0.022) 0.557*** (0.024) 0.712***  (0.011 0.238*** (0.074)  

N 2664 1053 1251 360 

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

 

Diversity within firms itself is more difficult to explain. The size of the allochtonous population seems to 

have a small but only marginal negative impact while the number of foreigners with both parents born 

abroad seems to have a varying impact over the segments. For the first segment it is positive while for 

the third segment it is negative.  

 

Because a direct interpretation of the differences between the three segments is not immediately 

obvious from the regression estimates, the next subsection deals with a more in-depth description of 

each segment.  
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6.5.2 Description of the Segments 

 

The FMM estimation procedure reveals three rather distinct clusters of firms in the Netherlands based 

on the impact of employee diversity on innovations. These clusters show significant variation in terms of 

firm, employee, and location characteristics. To highlight some of these distinct features, we proceed to 

describe the clusters more in-depth.  

 

The locations quotients which are calculated to show the clustering of the top 5 sectors in each segment 

are displayed in Table 6.4.104 The location quotient is informative on the concentration of firms in 

particular sectors (regions) in a segment relative to their concentration in the overall distribution of 

economic sectors (in a region).  

 

Table 6.4: Location quotients of top 5 sectors in each segment 

 Segment 1 LQ Segment 2 LQ Segment 3 LQ 

Low-skilled business services 1.7 Manufacturing 1.6 Agriculture & forestry 2.6 

Textile clothes& leather 1.6 R&D 1.5 Transport & communication 2.1 

Financial intermediation 1.5 Mining & quarrying 1.4 Real estate & renting machinery 2 

Environmental 1.4 Computer & related 1.3 Construction 1.9 

Retail trade 1.3 Machinery & equipment 1.2 Electricity, gas & water 1.8 

 

Tables 6.4-6.5 show that the composition of sectors in each segment is very different from each other. 

Segment 1 can be characterised by mostly labor-intensive industries and services sectors, such as low-

skilled business services and the financial intermediation sector. The firms in this segment are quite 

large with a mean value of 362 employees, and the composition of the labour force is fairly diverse. The 

share of foreign employees who are 25–45 years old among total foreigners is about 63 per cent, hence 

hosts predominantly young people. The second segment is a set of firms active in capital-intensive 

goods and knowledge production sectors, whilst having a considerably high share of highly-skilled 

labour. The sectors clustered within this segment are mostly manufacturing, R&D, mining & quarrying 

and computer & related.105 This is the segment that on average has the largest firm size of 550 

employees, and has a very diverse workforce (diversity index equals to 0.687), although the relative 

share of foreigners is similar to those in other segments. The firms in this segment show by far the most 

innovations in all innovation categories, and it is the only segment that is positively impacted by the 

within-firm diversity of the employees. The third and last segment can be associated with land-intensive 

sectors such as agriculture & forestry, transport & communcation and electricity, gas & water. In this 

segment, we observe a mixture of firms that are relatively smaller in mean firm size (compared to other 
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 The location quotient is calculated as follows: 678/68
67/6: , where F

sr
 denotes the number of firms in segment s and 

region r, F
s
 the number of firms within segment s, F

r
 the number of firms within region r and F

n
 the total number 

of firms within our sample. 
105

 The number one ranked sector in segment 2 is actually ‘other services’, however the number of firms in this 

category is only 3, so we therefore decided to leave this sector out of Table 6.4. 
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segments), which equals to 156 employees, have a fairly homogenous workforce (diversity index only 

equals to 0.214) with on average 23 foreign employees in each firm. These sectors mostly need large 

land-plots to operate and produce. Amongst the other three, the firms in this segment appear to be the 

least innovative.   

Figure 6.2 shows the employment population ratio (6.2a) and the location quotients (6.2b-6.2d) of the 

regional distribution of firms over NUTS 3 regions in the Netherlands. There is clearly a spatial difference 

in the regional distribution of the three segments. The labor intensive-sectors that dominate segment 1 

are positively correlated with regions with relative large amounts of both population and jobs, such as 

the Northern part of the Randstad area (the most urbanised Dutch are), which includes the capital city 

Amsterdam. The correlation between the location quotient and with total population, total employment 

and the employment-population ratio is 0.16 in all cases. In contrast, the capital intensive-sectors that 

dominate segment 2 have a smaller correlation with both population and employment. These areas can 

be found in the ‘intermediate zone’ (as labeled by van Oort, 2004), non-urban regions close to large 

urban centers. Its correlation with total population, total employment and the employment-population 

ratio is 0.09, 0.04, and −0.02. Finally, the more land intensitve-sectors of segment 3 are negatively 

correlated with both population and employment, with a correlation of −0.35 and −0.33, respectively, 

and a correlation of −0.18 with the employment-population ratio. These regions can be predominantly 

found in the periphery of the Netherlands.These findings are in line with those of van Oort (2004), who 

finds that, although it is definitely spatially clustered, innovation is not necessarily an urban 

phenomenon—at least for the Dutch case.  

 

As can be seen from both Tables 6.4–6.5 and Figure 6.2, once the sample is decomposed into three 
segments, based on common innovative behavior and input characteristics of the firms, a clear 

segmentation of firms become visible. The first segment can be characterized by urban firms that are 

labour intensive. The second sector consist of more capital intensive firms with a more non-urban 

character (although close to urban centers). It is these firms that derive positive benefits from diversity. 

The third and last segment can be less clearly defined. However, it seems to be dominated by more land 

intensive firms. 

 

Table 6.5: Firm size distribution for each segment 

 Segment 1 % Segment 2 % Segment 3 % 

 ≤50 0.04 ≤50 0.01 ≤50 0.17 

50–100 0.11 50–100 0.06 50–100 0.19 

100–250 0.51 100–250 0.44 100–250 0.54 

>250 0.34 >250 0.49 >250 0.1 

N 1,053 N 1,251 N 360 
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(a) Employment-population ratio        (b) LQ firms in segment 1    

 

(c) LQ firms in segment 2          (d) LQ firms in segment 3  

Figure 6.2: Employment-population ratio and the spatial distribution of firms by 3 segments at the NUTS 

3 level 
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6.6 Conclusion 

 

This chapter analyzed the impact of cultural diversity on firm innovativeness, while using finite mixture 

modelling to control for observed and unobserved heterogeneity. In terms of observed heterogeneity, 

we find that only a specific set of firms actually benefits from cultural diversity: namely, large firms that 

operate in high-level services, manufacturing, mining and R&D sectors, which are predominantly found 

in the non-urban areas in the Netherlands. The effect itself for this subset is large. For a one standard 

deviation increase in our diversity index, the probability to innovate increases with 42%. 

 

This result is in line with previous empirical research, but adds that there is only a positive effect of 

cultural diversity for the type of firms mentioned above. Firms that benefit from cultural diversity (in 

terms of their innovativeness) are large (probably mature) firms in capital and R&D intensive sectors and 

are not necessarily located within urban areas. Indeed, it seems that those firms are more likely to be 

located in less dense areas, though perhaps still reasonably close to urban areas. This is opposite to 

what Carlino et al. (2007) finds, but in line with Henderson (2007) who finds that wages and rents are 

too high in the densest areas for R&D firms. Moreover, R&D firms’ interactions with other firms may not 

be intensive enough to seek the proximity of other R&D firms or high rent and wage areas in urban 

centres.  

 

The innovativeness of labor intensive, urban and more service oriented firms and of more land intensive 

firms operating in the periphery does not benefit from cultural diversity. These firms are obviously less 

innovative than capital intensive firms, but even so, diversity does not seem have an impact. If firm 

diversity coincides with regional diversity, then this implies that the diversity within larger cities is less 

important than the regional diversity surrounding those cities. However, to what extent regional and 

firm diversity coincide is subject for further research. 

 

Obviously, there are some limitations to this study. The first is a computational one. Innovation is 

measured by a dichotomous variable, which leaves little variation for this variable. Therefore, three 

segments is the best we can given the structure of our data. However, it is well conceivable, that there 

are more possible subsets of firms that have distinct innovation behavior. On the other hand, most 

applications of finite mixture models end up with no more than 5 segments (optimized according to 

information criteria). But clearly, a continuous measure for innovation would be desirable. 

 

The second one is the definition of cultural diversity by birthplace. It is quite likely that cultural diversity 

entails more than ethnic diversity. Constructing a precise definition (and implementation) of cultural 

diversity falls however outside the scope of the chapter, but definitely require further research. 

 

Third and finally there is the possibility of reverse causality. It is perhaps not so much that immigrants 

are drawn to innovative firms, but that innovative firms actively seek worldwide for the best employees, 

which would then lead to higher cultural diversity within the firm. If so, then our current estimate is 

biased upwards.  

 



133 

 

Appendix 6. A. Segmenting Firms with Finite Mixture Modelling 

This chapter uses the following finite mixture approach to segment firms into three segments (we follow 

here the notation of Leisch, 2004). In total we have 2,664 observations belonging to 888 firms. Thus, we 

have 888 firms that we want to segment, where firm i consists of ;�  observations. Assume that 

observations on <(=�') arise from a population that is a mixture of S segments in proportions π1,….,πS, 

where we do not know in advance from which segment observations on <(=�',>�') arise. Then, the 

conditional density function of <(=�',>�') can be decomposed into its various segments as follows:  
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where πs ≥ 0, ∑ ?� = 1."
�=1  A�'  is the matrix of variables that measures various firm specific 

characteristics, B�'  is the matrix of variables explaining cultural diversity within firm i and 4), �), and 2) 

are the vectors of parameters specific for each segment s.  

 

The log-likelihood of (6.A.1) is estimated by applying the expectation maximization (EM) algorithm of 

Dempster et al. (1977). The first step is the expectation (E) step, which computes the expected value of 

the complete log-likelihood function with respect to the segments s. This is given by: 
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We can now derive the probability of segment s which can be inserted in (6.A.1) as:  
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Thus, ?C) are estimated using current values of the model parameters and can be inserted in (6.A.1).  
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In the maximization (M) step, the expected value of the complete log-likelihood function (6.A.1) is 

maximized with respect to the model parameters using the posterior probabilities as weights. This 

maximization step is performed sequentially (see van Dijk et al., 2007) as follows: 
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i
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=∑     (6.A.5) 

Both steps E and M are now iteratively applied until convergence occurs (Leisch, 2004).  
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7. Does Past Experience and Past Exposure to Migrants Determine Earnings 

Growth?
 106

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

7.1 Introduction 

 

Thousands of empirical wage studies have contributed to understanding of the effects of worker and 

firm characteristics on wages, and therefore indirectly on productivity. For example, the recent 

migration literature emphasizes the importance of cultural diversity for increased productivity at the 

regional and firm level. Most of the empirical evidence so far, provided through US area level studies, 

examines whether the natives' wages are higher in metropolitan areas where culturally and linguistically 

diverse group of immigrants are located (Ottaviano and Peri, 2005). Some studies have been conducted 

at the firm level in Europe (in Germany, Netherlands, UK, and Denmark). These show that firms may 

experience productivity enhancing effects due to the presence of a culturally diverse workforce.107 The 

intuition behind finding an economic value in diversity is the potential it offers for enhanced creativity 

and innovativeness through combining varied ideas, knowledge, and skills of different cultures (Swann 

et al., 2004).108 However, evidence on this kind of long-run impact, of working at culturally diverse 

workplaces and exposure to employee diversity, on individual productivity is limited. We add to this 

literature, by examining the effect of past experience and past exposure to foreigners at the workplace 

on workers' earnings growth.  

 

Focusing on earnings growth rather than the level of earnings is particularly interesting, since individual 

development takes time, thus any progress in abilities may not be reflected immediately in an 

individual’s productivity. Secondly, firms may have different strategies regarding wage rates and wage 

growth to motivate and retain employees (Margolis, 1996). For example, as the poaching literature 
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 This research is part of the Migrant Diversity and Regional Disparity in Europe (MIDI-REDIE) project, funded by 

the NORFACE research programme Migration in Europe|Social, Economic, Cultural and Policy Dynamics. The 

research for this chapter has been conducted jointly with Jos van Ommeren. 
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 (Niebuhr 2010; Ozgen et al. 2011; Ozgen et al. 2013; Lee and Nathan 2011; Parotta et al. 2011). 
108

 For a discussion on channels through which diversity may influence productivity, see Ozgen et al. 2013. 
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suggests, firms may offer higher wage levels to attract well-trained employees from other companies. 

Moreover, in order to appeal to top talent or benefit from previously highly trained workers, firms may 

offer temporarily higher than market-set wages. They may, however, not value equally in the long term 

this level of knowledge and experience indicated upon entry in the long term. Third, current wage levels 

are a more misleading signal of the effect of past employment and skill acquisition than observed wage 

growth.109  

 

Various factors determine wages. At the macro level, it may depend on the character of economic 

organizations; on the size, management and skills of the organizations; and on the technological 

advancement of the economy. At the firm level, more profitable and capital-intensive firms which 

greatly rate efficiency of inputs and labour productivity are known to pay higher wages, while this 

decision is also influenced by the firms’ decision on how they place themselves in the market. Finally, 

employee’s acceptance of offered wages is influenced by, at the individual level, increasingly skills and 

education and experience, cost of living, and also by the market’s demand-supply conditions.   

    

In the current chapter, we measure past employment experience by means of two types of measures. 

First, we focus on firm size. Labour economists have widely documented the relationship between firm 

size and wage levels, and also the relationship between firm size and wage growth. The neoclassical 

paradigm, institutional labour economists and others have given different explanations for this 

relationship (Brown and Medoff, 1989). We emphasise that firm size is also an important determinant of 

training and that larger firms may offer a different kind of experience to workers, so employees who 

have worked in large firms in the past might have acquired different skills and knowledge than those 

worked in small firms. 

 

In addition, we focus in this chapter again on exposure to workplace diversity. Arguably, a diverse group 

of employees may develop varied and novel solutions to problems, and may therefore be more 

productive. Observational studies based on small groups of teams as well as experimental studies 

support this hypothesis (Elron 1997). Malchow-Moller et al. (2011) show that firms hiring foreign 

experts become more productive and increase their exports. There is some evidence that the net 

benefit is positive since firms employing a diverse workforce benefit from increased output, 

establishment of trade links, increased patent applications and emergence of new firms through spin-

offs (Rauch and Trindade 2002; Hunt and Gautier-Loiselle 2010; Zucker and Darby 2007). On the other 

hand, working at workplaces with a diverse pool of employees may also have disadvantages. Many 

immigrants in the labour market may face problems stemming from time required for labour market 

assimilation, linguistic difficulties, information asymmetries, negative externalities of ethnic enclaves 

and ethnic segregation at the workplace (Aslund et al. 2012). These problems may generate negative 

spillovers for the native born. Therefore, working in predominantly immigrants-employing firms may 

lead to lower future wage prospects. 
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 In addition, to estimate the diversity effect on contemporaneous level of wages has its shortcomings because of 

the various selection issues. 
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Although there are plenty of theoretical models that show the benefits of workplace diversity for 

productivity (Berliant and Fujita 2008), the empirical evidence has been fairly limited due to the absence 

of appropriate micro-data which allow researchers to explain the impact on productivity of the 

characteristics of firms and workers simultaneously. The research reported in this chapter uses a 

matched employer-employee dataset which allows us to follow young employees from 2000 until 2008. 

In essence, we focus on the wage growth between 2004 and 2008 for workers that started to work in 

the year 2000 (their first entry in the labour market) and who have been continuously employed up to 

2008. Consequently, these employees have identical work experience in terms of number of years, but 

they differ in terms of type of experience. The advantage of focusing on young employees is that these 

are relatively homogeneous compared to older employees and that we know the complete past 

employment record. Our identification strategy is essentially based on a fixed effects estimation of the 

individual differences in past experience on current wage growth. By including fixed effects, we control 

for all sorts of unobserved productivity growth differences related to firms as well as firm-employee 

interactions (e.g., wage growth in certain firms will be higher than in others due to differences in 

embedded technology). In other words, we compare wage growth of workers belonging to the same 

firm, yet with different past employment experiences. 

 

Our findings indicate that employees with longer past experience in larger firms experience on average 

less wage growth. Given the assumption that employees with experience in large firms are expected to 

be more productive and signal their skills and past training in an inflated fashion, they are likely to 

receive an experience premium as part of an initial wage contract. However, our results suggests that 

having worked in large firms, only temporarily increases wages in their next job and the relatively high 

initial wage is followed by slower wage growth than other workers in the same firm experience. 

Consequently, higher initial wages are not a guarantee of positive wage growth in the long term. While 

negative wage growth may also be related to a temporary productivity loss of a talented worker due to 

health and other kinds of problems,110 this should not have an impact on the average outcome and, in 

any case, and analysis of four years wage growth analysis should be long enough for recovery from 

temporary productivity loss. Essentially, lower wage growth among those initially offered a higher wage 

is a form of mean reversion.  

 

In the context of the current thesis, however, our main focus is not on past experience in large firms but 

on whether the worker previously worked in multicultural firms. Here we find that having worked in 

multicultural firms – in terms of the relative size of foreigners or the ethnic composition of employment 

- does not boost current earnings when the regressions at the same time control for past firm size. 

 

 

7.2 Methodology and Estimation Strategy 

Models predicting the impact of diversity on wages or wage growth are likely to suffer from endogeneity 

bias due to a strong tendency of workers to sort themselves into high paying productive firms; as well as 
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 For example, if workers in large firms are given more competitive and demanding jobs that lead to temporary 

burn-out situation. 
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firms’ search behaviour in attracting skilled workers from all over the world.111 Assuming that the 

productivity of a worker is at minimum constant and usually increasing with increasing work experience 

over time, employees are expected to experience increasing wages over time, under normal 

circumstances.  Therefore, all else being constant, past productivity of employees should be reflected in 

their future outcomes in terms of earnings growth. Thus, our identification strategy relies on looking at 

the wage growth of the employees who stay with the same employer for a particular time, and estimate 

the effect of their past experiences and exposure to company features such as diversity on earnings 

growth in their new posts. 

 

Restricting our sample of workers to those who do not change jobs allows us to control for all 

unobserved productivity increasing firm characteristics as well as firm-employee combinations. Note 

that this approach may introduce a selection bias; we do not expect our results to be influenced from 

that, since the unselected group of employees who did change jobs in this same period are not 

systematically different. For instance, some workers may experience productivity gains (as measured in 

their wages) coincidentally by being at the right firm at the right time. We control for these unobserved 

gains through our estimation strategy. Moreover, because we focus on wage growth, this bias is likely to 

be minimal. 

 

A more formal description of our estimation strategy is as follows; suppose Wlit denotes the wage of a 

worker l in firm i with experience Xli in year t. Then, the wage equation is: 

 

log(Wlit)=β0 +αtXli + γl + tδi + φli +εlit      (7.1) 

 

where Xli refers to the control variables of employee and firm characteristics that vary over time. γl and 

δi is worker and time-varying firm fixed effects, respectively. φli stands for time-invariant worker-firm 

fixed effects εlit is the overall random error. Note that when αit<αit-1 then this means that the worker’s 

wage growth reduced because Xt is higher.   

 

To measure the effect of past exposure on workers’ current wage growth, we use growth of wages from 

2004 to 2008. Therefore, we model our specification by taking the first-differences, meaning that within-

workers’ variation and other variables used in the estimations are changes from t to t-1.  

log(Wlit)- log(Wlit-1) = αXli + δi + (εlit - εlit-1)       (7.2) 

 

where α = αt -αt-1 and δi = δit - δit-1. We have per worker two observations one of which is from 2008 

and the other is from 2004. Note that these are the periods that the workers are restricted to stay with 

the same firms. Therefore, with the first-difference estimator the unobserved and time-invariant firm 

characteristics which might influence the productivity growth of workers are controlled for. Finally, the 
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 Although firms’ search behavior is less likely to bias the results, since not all firms intend to attract international 

workers but such workers may be more likely to apply if diverse labour market areas. Moreover, firms may only be 

concerned about ethnic diversity in some sectors, not in all sectors.  
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growth of wages ∆w for worker l who stay with the same employer is a function of a vector of Xl, 

indicating various individual characteristics. So, we simply estimate the specification below: 

∆log(Wli) = αXli + δi + vlit         (7.3) 

 

 ∆log(Wli) denotes the natural logarithm of hourly wage growth of a worker l in firm i. Since we are 

unable to identify precisely why job changes occur, we treated all the job changes in the past identical. 

The jobs per person are ranked based on their start date, and duration per job is the difference between 

the start and the end date of that particular employment spell. The work experience of an employee is 

then the total of the duration spell d in each of the firm i,(∑ D#);
#=1 .  

 

 

7.3 Description of the Data and Exposure Measures 

In this section we briefly explain the datasets used to construct the linked employee-employer data 

(LEED). We use two primary micro-data resources, namely Dutch Tax Registers and Municipal Registers, 

provided by the Statistics Netherlands, for years 2000-2008. The employee data is obtained through the 

Dutch Tax Registers (approximately 7 million observations per year). It includes information on the 

employees’ earnings. Based on the number of job changes, wage change, change in the number of days 

worked annually, and other similar occurrences throughout the year, an employee can be observed 

multiple times in the dataset.  

 

Municipal Registers offer a wide array of information on the employees’ and their families’ demographic 

characteristics and origin. Therefore, the employees’ background in terms of birthplaces and family’s 

origin in our data set is obtained through municipal registers. By law, all residents of the Netherlands are 

obliged to be registered at the municipalities where they reside. Therefore, the municipal registers 

include all the native and foreign residents of the country, and are composed of about 20 million 

observations. Unfortunately, the municipal registers do not provide education or occupation and 

linguistics background of the employees. 

 

In this study, we follow young employees (between 22 and 26 years in 2000) who started to work for the 

first time in 2000, and who were continuously employed until the end of the 2008.112 For 

methodological convenience, we only included workers who stayed with the same firm in 2004-2008. 

Note that this design may create some limited selection bias, which we will ignore at this moment and 

will explore in the future.113 

 

We define ‘foreigner’ as a person born outside the Netherlands (this differs from the definition used by 

Statistics Netherlands, but has the advantage that it is exogenous and does not vary over time). It is also 

the definition used in the other chapters of the thesis. In order to measure the impact of past 
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 We exclude employees who earn less than gross annual minimum wage (14800 Euros). 
113

 For example, instead of restricting all employees to start working in 2000, we can vary the sample by allowing 

them to start working in different years than only in 2000.  
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employment on wage growth, we use three exposure measures; namely log firm size of the past firms, 

share of foreigners per firm, and firm diversity. Past exposure experience is based on these measures 

weighted by the time spell in each firm (because workers may have changed jobs in 2000-2004). Hence, 

it is defined as follows: 

             

  EF%&�GHIJ = ∑ D���
 
�!� ∑ D�

 
�!�⁄        (7.4) 

 

where employee l in firm i (i=1,...,N) worked for a duration of d. The s stands for the abovementioned 

exposure indicators in each firm (for the ease of the computation, we assume that these measures do 

not vary within the year). For example, the first measure of exposure is the experience of employees in 

varying firm size classes in their previous jobs. When counting the total employee size per firm where 

our sampled employees had worked in the past, we excluded the casual employees (who made less than 

gross 14000 Euros annually in 2000) and also those who had worked less than 100 days a year. Since the 

employees in our sample are fairly young, we exclude all casual employment by this selection. 

 

The second measure of exposure is the number of foreigners relative to the total number of employees 

in the same firm, i.e. the share of foreigners. Finally, the third exposure measure refers to the ethnic 

composition of foreigners in firms. An index of firm-level workforce diversity is calculated for each firm 

for each year. The index measure would equal to 1 minus Herfindahl-Hirschman index114 whereby an 

increasing value of the diversity index signals a more diverse composition of foreigners in the firms.  

 

Table 7.1: Summary Statistics 

  Mean Std Dev 

Past exposure to share of foreigners 0.099 0.084 

Past exposure to firm diversity 0.688 0.192 

Past firm size exposure (in log) 2.990 0.825 

Age 27.94 1.394 

Past job mobility 2.21 1.054 

Number of observations: 37701 

 

Table 7.1 shows the summary statistics of the main variables of interest. For example, the mean of log 

firm size past exposure is almost equal to 3, which can be interpreted that the worker was employed in 

a firm with on average e3 = 20 employees. As can be seen from Table 7.2, this measure usually varies 

between 1 and 4.6. Moreover, employees have been working in jobs where on average 10 per cent of 

the employees were foreign born.  This is more or less the average share of foreign employees in the 
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−∑ , in which sji is the share of the group j (j=1,..., N) in foreign employment of firm i .Since the index 

value is sensitive to the presence of dominant groups natives are excluded as a group. Moreover, for the ease of 

calculations, countries of the world are clustered into supra-national groups. These are: Anglo, Confucian Asia, 

Eastern Europe, Germanic Europe, Latin America, Latin Europe, Middle East, Nordic Europe, Southern Asia, South 

Eastern Europe, Sub-Sahara Africa, and Rest of the World. This categorization, referred to as GLOBE Clusters in the 

literature (Gupta et al., 2002) is based on the cultural distances between countries. 
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Dutch labour market. On the other hand, the mean past exposure to workers diversity appears to be 

relatively higher, given that the highest value of the diversity index comes close to 1. The study period 

corresponds to the post 1990s when there was a substantial east-west inflow to the Netherlands. These 

flows indeed significantly diversified the composition of foreign workers. The employees in our dataset 

are on average 27 years old, and changed jobs only twice on average in the past, before they started 

working in the current firms. Job mobility refers to the number of jobs the employees had over 2000-

2004. It should be noted that this variable may overemphasize the actual mobility, because of 

administrative changes which led to changes in the identity of the firms (e.g. a merger).  

 

Table 7.2: Distribution of past firm size exposure (in log) 

1% 5% 25% 50% 75% 95% 99% 

Percentiles  1.06 1.64 2.43 2.97 3.51 4.44 4.63 

 

 

7.4 Estimation Results 

Table 7.3 reports the results of the firm fixed effects estimation. We show several specifications. The 

base specification in Table 7.3 suggests that the past experience of working with foreigners induces a 

slightly smaller earnings growth. An increase of one standard deviation from the mean exposure to 

foreigners (by 0.08) leads to 0.5 per cent decrease in the growth of wages.115 However, this base 

specification is not shown in Table 7.3, because once firm size exposure variable is included in the 

specification as shown in specification (1) of Table 7.3, the exposure to foreigners variables turn 

insignificant. In specification (7.1) both share of foreigners and diversity index measures are statistically 

insignificant. On the other hand, controlling for the firm size exposure indicates that the effect of past 

exposure to firm size on wage growth is negative and significant at the 1 per cent level. The employees 

worked in large firms, in the past, experience a negative wage growth later on. This result is rather 

intuitive: it is well-known from the literature that firms may offer higher wages to attract particular type 

of workers. However, higher initial wages seem to be not a guarantee of positive wage growth in the 

long term.   

 

We interpret the effect of past firm size exposure as a causal effect of firm size on wage growth. If true, 

then this effect should be robust when controlling for other explanatory variables which have been 

shown to affect wage growth. Wage growth is usually much less for older people (Lazear, 1976), 
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 The literature offers various reasons why working with foreigners may lead to smaller earnings. Especially, this 

might be the case for a foreign worker who worked all the time in low-skilled foreign employing sectors, and 

therefore, has been in a low-wage growth trap by definition. For example, traditionally immigrant-intensive sectors 

such as hotels, restaurants, catering, cleaning services, retail sector are known to be low-skill intensive businesses; 

thus more modest wages and wage increase is not unusual. Secondly, immigrants may suffer from a signalling 

disadvantage about their qualities, because the employers may not be able to judge fully the qualifications of 

immigrant employees after relatively short employment periods (Barth et al, 2012). For instance, immigrant 

employees are likely to have higher job mobility than their native counterparts. Nevertheless, this may lead to 

underinvestment to on-the-job-training by the employers, thus accumulation of fewer skills by the employees. It is 

not per se clear what mechanisms might be in charge in our data and this to be explored in later stages. 
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although it is not a priori clear whether or not this holds for our selected group of young people 

(between 22 and 26 years). Indeed, wage growth very slightly decreases by aging. Secondly, job 

mobility, especially for immigrants, is known as a channel through which the employees try to increase 

their earnings (Munasinghe and Sigman 2004). Even though job change can be a personal decision of an 

employee, therefore may be endogenous, it does not affect our results. As shown in specification (7.1) 

of Table 7.3, our findings are extremely robust with the inclusion of these variables. Importantly, these 

results also hold if we vary our sample, and select only native workers as shown in specification (7.3), or 

more specifically native male workers as in specification (7.4), and also hold if we exclude sectors (Retail 

Trade, Hotels and Restaurants and Low-skilled Business Services), that are known to be dominated by 

unskilled-foreign workers, clustered in manual tasks, as in specification (7.5). Consequently, one 

standard deviation increase from the mean past exposure to firm size decreases the earnings growth by 

1 per cent in current jobs. The qualitative impact of the coefficient is robust across different samples of 

employees.  

 

Table 7.3: Hourly Wage Growth and Sensitivity Analysis 

(7.1) (7.2) (7.3) (7.4) (7.5) 

 

Past exposure to share of foreigners  -0.0491 -0.0451 0.0019 0.107 -0.003 

(0.0349) (-0.0353) (0.0440) (0.0656) (0.0537) 

Past exposure to firm diversity 0.0002 0.000 0.0005 -0.0337 0.0124 

(0.0185) (-0.0185) (0.0195) (0.0291) (0.0249) 

Past firm size exposure (in log) -0.0127*** -0.0133*** -0.0122** -0.0123* -0.0163*** 

(0.0046) (0.0046) (0.005) (0.0071) (0.0063) 

Age - -0.0043*** -0.0044*** -0.0055*** -0.0041*** 

 (0.001) (0.001) (0.0014) (0.0012) 

Past job mobility - -0.001 -0.0005 0.0017 -0.0018 

(0.0016) (0.0018) (0.003) (0.0022) 

Firm FE Yes Yes Yes Yes Yes 

N 37701 37701 34060 14189 21659 

Note: The first column is based on the full sample. Third column is based on natives. Fourth column is based on native males. 

Fifth column excludes employees in Retail Trade, Hotels and Restaurants and Low-skilled Business Services sectors. *** p<0.01, 

** p<0.05, * p<0.1. 
 

 

7.5 Conclusion 

We examine the influence of past employment experience on natives’ earnings growth. We follow 

young natives in the Netherlands from the start of their labour market entry in 2000 until 2008. We 

analyze the wage growth in 2004-2008 of employees belonging to the same firm. Employees’ past 

experience is captured by firm size; their exposure to foreign employees and exposure to firm level 

diversity. The results suggest that, assuming productivity of workers does not change over time due to 

past employment experience, workers who had past experience in large firms receive a wage premium 

when they switch jobs. However, this initial advantage does not reflect itself in the wage growth. We did 
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not find any effect of having worked in multicultural firms –neither in terms of size of the foreigners or 

the composition– on wage growth. 

 

As the literature informs us there are positive externalities from working in a diverse workplace. 

Nevertheless, this chapter shows that the workers cannot take this benefit with themselves to another 

firm. This suggests that the externality of ethnic diversity only operates through teams a person belongs 

to and not through the individual. So, if one has a timely opportunity to belong to a diverse team, the 

employee and firm benefit from that increased productivity, but when she/he leaves the team, she/he 

cannot take that benefit with her/him. This result would reemphasize the findings of the literature on 

team diversity and performance. When a group of diverse people forms a team; they are more likely to 

generate new ideas, be resilient in complex situations and exhibit higher performance. 
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8. Conclusion 

 

 

 

 

 

 

8.1 Summary of the Findings 

This study focuses predominantly on the enhancement of technological change and economic growth by 

means of international migration and cultural diversity. Theoretically, the effect of migration on 

innovation appears due to five compelling forces engendered by an increasing number of foreigners in a 

region or a firm. These are: the population size/scale effect; the population density effect; the migrant 

share effect; the skill composition effect; and the migrant diversity effect.116 The benefits (and costs) 

from these externalities may arise from one or multiple effects at the same time. For example, the host 

economy may benefit from an influx of highly-skilled immigrants, but also from an influx of immigrants 

representing a wide range of occupations. In that respect, occupational diversity may be just as 

important as cultural diversity. Moreover, depending on the spatial level of a study, the mechanisms 

through which these impacts operate may differ.  At the regional level, immigration can be stimulated 

and reinforced by the presence of strong agglomeration economies, while at the firm level, benefits 

from knowledge spillovers and exchange of diverse skills flourish only in particular sectors. The empirical 

strategy pursued in this thesis considers these effects individually, but also jointly, in separate chapters.  

 

The thesis includes six unique chapters with a strong empirical focus. Throughout the thesis assessing 

impacts of immigration and cultural diversity on innovation and economic growth have been the key 

focus of the research. However, in different chapters of the thesis various impacts of different aspects of 

international migration and cultural diversity are studied as well. Below, each research question given in 

the introductory chapter of the thesis is shown in italics and the findings for each of the questions are 

presented subsequently. Chapter 2 and 3 explore the effects of migration on income convergence by 

examining various cross-border studies and regional level patent applications in western-Europe, 

respectively, while from Chapter 4 to 7, we scrutinize some of the abovementioned impacts at the firm 

and individual level in the case of the Netherlands.  
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 The first two of these externality effects may also arise with the increasing number of local population, 

therefore a distinction in measurement should be taken into account.  The other three are specific to immigration 

only. 
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The second chapter tries to explore whether immigrants form part a homogenous production factor that 

through labour mobility can help countries to converge in income level. To do so, it offers a quantitative 

and systematic review of the literature on migration and income convergence by means of meta-

analytic techniques. In other words, the basic assumption of the neoclassical paradigm which is that the 

labour-supply effect of migration helps to reduce spatial income differentials and to equalize factor 

prices is questioned. It is found that the overall effect of net migration on income growth is positive, but 

small. This means that net inward migration in a real income growth regression supports the view of 

new endogenous growth and new economic geography theories rather than the neoclassical model.  

 

With this perspective, the third chapter asks whether regions with a greater share of immigrants in the 

population innovate more. This chapter analyses the regional level impacts of immigrants by birthplace 

on the regional patent outcomes of 170 NUTS 2 level regions in Europe. In contrary to the homogenous 

labour assumption of the neoclassical theory, it is shown that skill and diversity components of 

migration are boosters of regional level innovations. These results hold even after robustness checks 

with IV and spatial autocorrelation estimations. However, there is a critical point beyond which these 

benefits from diversity may begin to occur. For the case of NUTS 2 regions, this point occurs beyond the 

first quartile of the diversity distribution. A 0.2 increase around the mean of the diversity index (0.49) 

increases the regional patent applications by about 4 per cent. Therefore, the regions benefit from the 

so-called Jacobs’ externalities, emphasizing the importance of urban areas to create a contextual 

environment for exchange of ideas and innovations.   

 

Due to the nature of the data, chapters 2 and 3 could not differentiate labour migration from the overall 

migration. Starting from chapter 4 both focus and the data usage of the thesis shift to firm-level micro 

data studies, where matched employee-employer datasets are constructed. This approach does not only 

permit scrutiny of within-firm knowledge spillovers among all employees, but also allows controlling for 

firms’ major external resources that help them to innovate. In these firm-level studies the main research 

interest has been whether the firms which have a more diverse composition of employees are more 

innovative, in a dynamic framework.  

 

Chapter 4 explores whether diffusion of new knowledge via employee mobility is a significant booster of 

innovations for Dutch firms. The main contribution of this chapter is to introduce workers’ diversity and 

their demographic characteristics into a knowledge production function. It is found that diversity of 

immigrants is particularly beneficial for product innovations. The positive impact of immigrant diversity 

on innovation is quantitatively modest: a one standard deviation (0.3) increase in the diversity index 

raises the probability that the firm is an innovator by 3 to 4.5 percentage points (around the mean of 38 

per cent). 

 

Chapter 5 follows a somewhat similar theoretical approach to Chapter 4, but uses a panel data of firms 

to account for time trends and unobserved heterogeneity. Moreover, this chapter also determines how 

different components of diversity may be beneficial for varying innovation types, namely product and 

process innovations. The results indicate that clustering of foreigners from the same country of origin - 

measured by means of a co-location index – is detrimental to product innovations irrespective of the 
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sectors and market orientation of the firms. On the other hand, cultural ‘richness’ of the workforce, 

(measured by the unique number of birthplaces in a firm), enhances process innovation.  

 

The cross-country studies reporting firm level evidence on the effects of foreigners on innovation show 

that panel data fixed effects models are not sufficiently informative due to slow trending time variant 

variables. Therefore, unobserved heterogeneity that might bias the estimated coefficients of employee 

variables still poses a challenge. Chapter 6 offers a new methodological approach that tackles this 

problem by using finite mixture modelling. It is shown that once unobserved heterogeneity is properly 

accounted for, only some sectors such as high-level services, manufacturing, and R&D sectors 

particularly benefit from the diversity of the workers, while its impact on labour and land intensive 

sectors is inconclusive. Moreover, in contrary to the expectations of the agglomeration economies 

literature, these kinds of firms do not necessarily locate in the most central urban areas to reap benefits 

from proximity and scale economies. Here an important distinction is made between sector structure 

and location choice of firms with respect to their employee recruitment strategies.  

 

Up to and including Chapter 6 of the thesis, the focus is on whether a heterogeneous workforce (in 

terms of ethnic or birthplace composition) makes regions and firms more innovative and productive. 

The final empirical chapter, Chapter 7, analyses whether past exposure to foreigners at the workplace 

pays off for employee’s earnings growth. Chapter 7 provides the last part of the micro level analysis and 

focuses on young Dutch employees and their productivity increase with the extent of their past 

exposure to foreigners. Given that the past experience period that was observable through matching 

several administrative datasets was relatively short, it is perhaps not surprising that having worked with 

foreigners or in diverse workplaces in the early career does not lead to productivity-enhancing effects.  

The productivity enhancement may well be a feature of team collaboration and not something that is 

easily portable across firms. On the other hand, it could be argued that, to the extent that the 

externality of diversity is portable across firms, more effective empirical strategies may be needed to 

detect this. At a more general level, the regressions in Chapter 7 show that having past experience in 

large firms (irrespective of the diversity of employment) tends to be associated with lower wage growth, 

which may be interpreted as a mean reversion effect, given that the positive correlation between firm 

size and wage levels has been well established in the literature. 

 

 

8.2 Positioning the Results within the International Migration Literature 

 

While the literature on the wide ranging impacts of immigration on the performance of nations, regions 

and firms is vast, the aim of the thesis was to make a contribution on a relatively less explored topic: the 

impact on innovation and economic growth. The findings highlight the significant opportunities that 

immigrants generate for host economies. Moreover, the thesis offers a quantitative assessment of 

actually experienced migration. In the last decade numerous studies on the impact of labour migration 

have been produced, therefore positioning this research uniquely within the overall international 

literature through its emphasis on innovation and productivity growth. 
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Firstly, motivated by the “more heat than light” (Goldin et al. 2011; 163) flavoured debates of the 

politics and media on international migrants, the migration literature so far has had a strong incentive to 

explore allocative impacts of immigration, particularly in the form of wage adjustments of natives as a 

reaction to an increased number of newcomers. Thus, the research on whether the gains from 

immigration were at the expense of natives’ wages or jobs comprises the largest part of the current 

empirical evidence.117 The research presented in this thesis deviates from the mentioned mainstream 

line of studies in two ways: firstly, it predominantly focuses on how increasing immigrant populations 

may affect long-term technological outcomes – innovation – of regions and firms. Secondly, doing so, 

with the insights of endogenous growth theories and new economic geography models, it tries to 

incorporate the heterogeneity of immigrants into econometric modelling through considering their 

various demographic and ethnic origin characteristics. Although looking at the aggregate impacts of 

migration is evidently important, the advantage of this complementary approach is a focus on particular 

groups of immigrants and their impact on particular outcomes. This is more informative and guiding for 

policy-makers. Moreover, once immigrants are viewed beyond being pure labour as production inputs, 

and instead as workers who create, think and innovate, highlighting the contribution of their specific 

characteristic can inform decision makers better on the channels which host countries could invest into 

in order attract the ‘right’ migrants. Finally, with the help of the matched employee-employer data, our 

knowledge about the features, background and motivations of immigrants is enhanced to the extent 

that is impossible in area level studies.  

 

The urban economics literature has gone through a transition which underlined that ‘size matters (so 

does density)’ to ‘but composition matters more’.118 The productivity benefits to be gained from 

agglomeration economies are beyond simple crowds, but a matter of context. Therefore, another 

important contribution of this research is showing that the strength of the agglomeration economies 

may vary substantially at the regional and firm levels. Although the urban economics literature provides 

strong evidence on the importance of economies of scale, face-to-face relationships, better matching 

possibilities in the labour market and knowledge spillovers, these benefits seem to be confined to 

particular group of sectors, once a firm level perspective is taken. It is shown that the agglomeration 

economies which obviously operate within cities are not as strong for firms depending on the sector - 

specific features (for instance, R&D firms that are the engines of sustained economic growth in the 

Netherlands are located at the urban fringe and even in the non-urban areas). So overstating the role of 

cities to get the benefits from migration, and underestimation of the value of providing quality 

resources and facilities to international talent at the medium size urban areas may result in missing out 

opportunities. However, this statement does not devalue the role of urban areas and in particular cities 

in the innovation processes. As widely advocated by Florida (2003), Glaeser (2011) and Storper and 

Manville (2006) cities are the engines of production and reproduction of new ideas, knowledge 

exchange, and inspiration induced by the co-location of members of the creative class. Scale advantages 

and market diversification in cities clearly offer profound advantages and huge returns to talent 
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 For a very recent extended discussion on immigration wage effects see the Journal of European Economic 

Association issue of February 2012 (Volume 10, number 1). 
118

 The megapolises of the developing countries are growing as clusters of massive crowds with considerable 

efficiency losses are a good example of the importance of looking beyond density. 
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workers/entrepreneurs. Empirical research on innovation nevertheless shows that, at the firm level, 

there is a need for an obvious distinction between agglomeration benefits versus knowledge spillovers 

in the urban economics literature. Once the diversity of the foreign workforce is regarded as a source of 

new knowledge for firms, this thesis shows that diversity advantages are not utilized symmetrically by all 

sectors due to the structural effects in different industries (e.g. the need or ability to benefit from 

diversity, patenting tendency of the sector, patentability of ideas, etc). Moreover, agglomeration 

benefits appearing in dense urban areas are also limited to certain types of firms, while the changing 

economic face of cities towards more high-tech, more diverse, richer in amenities and more capital-

intensive services sector – oriented firms also reinforces these asymmetries.119 Although cities and the 

presence of unique diversity of people who work and reside in the cities craft an enabling environment 

to foster creativity, most of these ideas are turned into formal innovations at production units that are 

not necessarily located in urban areas.120      

 

The third significant contribution of the thesis is therefore, to show the importance of the enabling 

environment for immigrants to contribute to the economic outcomes. Chapter 7 demonstrated that 

workers cannot carry the productive externalities gained at diverse workplaces to their new jobs. 

However, a unique combination of an international workforce at a certain region or firm is associated 

with positive innovative outputs. Chapter 5 showed that the effect of high-skill intensity of foreigners 

increases once they are employed in more productive sectors.  

 

 

8.3 Policy Relevance 

Migration can be regarded as one of the most debated policy issues in both sending and receiving 

countries. From the receiving country standpoint, with the increasing demand for labour in ageing 

populations, especially in Western Europe, the public policy debates have led to hostile reactions 

towards immigrant populations. For policy makers, agreeing that migration occurs as a basic human 

right, as well as an economic necessity is a good point to be emphasized. Moreover, communicating 

effectively about migration through differentiating between the real impact and the perceived impact 

may improve the debate considerably and lead to greater acceptance of the net benefit of the 

phenomenon (e.g. Nijkamp et al. 2012). Numerous scientific studies conducted in this field, including the 

various chapters of this thesis, are a good reference point for this important socio-economic issue. 

 

In particular, recognizing the heterogeneity of immigrants is an important step to reap the benefits from 

international migration. The studies in chapters 2 and 3 showed that at the regional scale, the 

compositional aspect of immigration may lead to unprecedented outcomes in a positive sense and 

                                                           
119

 It may be an interesting research avenue to explore further whether firms in different stages of their life cycle 

have varying preferences to employ a diverse workforce and different location choices with respect to density. 

Moreover, concerning the distance-decay and spatial networks literatures, the role of a diverse foreign workforce 

as a source of knowledge spillovers would clarify the links between urban economics and immigration flows. 

However, these issues go beyond the scope of this thesis.  
120

 Henderson (2007) provides a very thorough discussion to explain the location patterns of firms and rate of 

invention phenomenon.   
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diversified group of immigrants may contribute to regional innovation performance. Moreover, although 

assimilation of immigrants increases with the time they spend in the host country, they remain 

imperfect substitutes for natives. Therefore, to focus on complementarity of the foreigners to natives 

and designing policies that exploits the complementarity would benefit both populations and 

economies. Chapters 4 and 5 show that diversity among foreign employees may increase firms’ 

technological progress. However as reported in Chapter 6, these productive externalities occur mostly in 

sectors where diverse skilled migrants cluster, such as R&D, manufacturing, high-level services 

industries. Promoting recruitment of skilled talent from foreign countries would not only assist 

overcoming the skill shortages in certain sectors, as well as in specialized types of employment through 

better matching possibilities, but also contribute to firms’ innovation capacities when such talent is 

employed from a wide range of source countries.  

 

The extent to which the high skill-selective immigration policies benefit only more prosperous regions 

and could hurt lagging peripheral regions depend on various characteristics of regional economies as 

well as policies. It is documented in the literature that high-skilled workers have stronger incentives to 

migrate when the skill premium is increasing in the average level of human capital of a destination 

(Giannetti, 2003). There are, however, local forces such as living cost differentials, trade cost, congestion 

and social costs that act as a counter-balance to this mobility. Policy makers, though, could benefit from 

adopting and promoting circular and temporary migration policies that are backed by creation of 

necessary institutional and legal frameworks. The well-known brain-drain countries like China and India 

are today immensely benefitting from the knowledge spillovers from their out-migrating graduate 

students who left decades ago for education in the US. Therefore, it is vastly important for lagging-

behind regions to create solid and attractive conditions for the high-skilled to invest back. 

  

 

8.4 Final Message and Future Research  

The major message to take away from this thesis is that heterogeneity of immigrants matters. Clearly, 

the migration process itself is a selective mechanism which stimulates people with certain 

characteristics to be more likely, to move than others. Moreover, depending on the politico-economic 

circumstances of the countries of origin and destination, the cohort qualities and patterns may alter 

substantially. At the more refined spatial scales, the thesis shows that immigrants can be beneficial both 

at the firm and the regional levels to facilitate international, interregional and across firms’ knowledge 

spillovers and increase productivity. In addition, with their talent and unique combination of diverse 

backgrounds they increase firms’ ability to innovate products and services. However, as presented in the 

summary of findings sections of each chapter, the effect sizes at the firm level are significant, but small. 

Therefore, firms’ main drivers of innovation remain firm scale, performance, external resources and 

institutions. However, this does not understate the importance of diversity of foreigners living and 

working in certain localities where they contribute to innovative outputs by their ideas and skills. From a 

methodological perspective, it is shown that going beyond mainstream thinking and conventional 

econometric applications is important, since the phenomenon – migration – that is analysed is complex 

and dynamic, and subject to transformations all the time.   
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For future research, it is important to focus on the exact mechanisms through which diversity of 

foreigners impacts on productivity. This remains a challenge. The main restriction to explore such 

mechanisms further has been either absence of relevant data which allows the researcher to observe 

managerial characteristics of the firms or time constraints for new research designs that combine the 

qualitative and quantitative techniques, for example team - oriented firm - level studies. Distinguishing 

negative and positive impacts of diversity and exploring the conditions under which diversity appears to 

be beneficial should also be on the research agenda. Obviously, the improvement of the micro-level 

data resources and availability of international comparisons of these data would clearly contribute to 

these efforts; therefore this will also allow the investigation of the importance of cross-country 

institutional structures.  
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Samenvatting 

Migratie neemt in veel delen van de wereld toe in omvang en complexiteit. Het aantal internationale 

migranten (mensen die permanent of voor een langere tijdsperiode buiten hun geboorteland wonen) 

wordt wereldwijd geschat op minstens 214 miljoen, ofwel 3,1 procent van de wereldbevolking. Dit 

betekent dat van elke 33 mensen op aarde er één een migrant is (IOM, 2013)  . Bovendien is, versneld 

door migratie, het aantal mensen dat in stedelijke gebieden woont toegenomen van 220 miljoen aan het 

begin van de 20ste eeuw tot meer dan de helft van de huidige wereldbevolking van 7 miljard. De 

omvang van de wereldwijde migratie is groot en daardoor kunnen de gevolgen van migratie ook 

substantieel zijn. Goed inzicht in welk type mensen in het buitenland gaan wonen helpt zowel 

onderzoekers als beleidsmakers de verscheidenheid binnen de migrantenbevolking en hun potentiële 

impact te begrijpen. Verdere analyse van migratiestatistieken toont aan dat er rekening gehouden moet 

worden met demografische kenmerken van immigranten en toont ook het belang aan van onderzoek 

naar migration impact assessment (MIA). Uit cijfers van de VN blijkt dat vandaag de dag de meeste 

migranten jonge arbeidsmigranten zijn uit vooral de opkomende economieën .   

 

Niet alleen de demografische kenmerken van immigranten zorgen voor een grote mate van diversiteit 

onder de immigranten, maar ook de vele verschillende motieven voor de keuze om te migreren. Vanuit 

een neoklassieke invalshoek wordt  arbeidsmigratie verklaard door verschillen in het reële loon tussen 

rijke en arme landen en fungeert migratie dan ook als een evenwichtsmechanisme van internationale 

factorprijzen. Tegenwoordig zijn de wereldwijde verschillen in loon echter veel groter dan in de 19de 

eeuw en er is geen empirisch bewijs die de stelling onderbouwt dat migratie loonsverschillen zou 

verkleinen (Ozgen et al., 2010). In tegenstelling tot wat de standaard arbeidsmarkt modellen aannemen 

over immigratie, wordt migratie niet alleen bepaald door economische motieven, maar ook door de 

vraag naar voorzieningen, de demografische gevolgen van klimaat-verandering, veiligheid en politieke 

spanningen. Daarnaast lijkt de vraag naar bepaalde beroepen, recente technologische veranderingen en 

de toenemende vraag naar niet-verhandelbare diensten in ontwikkelde landen een rol te spelen in de 

mobiliteit van mensen.  

           

Meer recente modellen van internationale migratie onderschrijven onze kennis van de gevolgen van 

immigratie door de impact van de omvang, schaal, diversiteit, technologie en consumptie te 

benadrukken (zie Nijkamp en Poot (2012) voor een uitgebreid overzicht). Alhoewel het belangrijk is voor 

de economische baten van immigratie om te weten of immigranten substitueerbaar voor of 

complementair zijn aan autochtone werknemers, introduceert het model van monopolistische 

competitie het concept ‘verscheidenheid’ dat door immigranten wordt gebracht in termen van 

productiviteit en consumptie. Immigranten worden dus niet langer gezien als een groep homogene, 

mobiele werknemers, maar zij kunnen de compositie van de economische sectoren veranderen of 

beïnvloeden en hun eigen bedrijven opzetten die zorgen voor heterogeniteit in producten en diensten. 

Er wordt beweerd  dat nieuwe immigranten, per definitie, andere kennis en kunde hebben dan 

autochtonen en eerdere immigranten, gebaseerd op de culturele kenmerken van de plaats waar ze 

vandaan komen en opgegroeid zijn. Dit betekent dat nieuwe immigranten zich in veel onderscheiden 

van bestaande productiefactoren, en daarnaast zelf ook het potentieel in zich dragen voor innovatieve 
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en nieuwe ideeën. Vanuit een economisch perspectief leidt het samenbrengen op één plek van 

heterogene kennis vanuit de hele wereld tot het samenbrengen van nieuwe ideeën, kunde, creativiteit 

en innovativiteit. Daarom richt de literatuur over dit onderwerp zich vooral op de vraag of 

landen/regio’s/bedrijven waar immigranten zich vestigen profiteren van productiviteitseffecten door 

kennisspillovers bij het aantrekken en aannemen van immigranten met diverse achtergronden.          

 

Het onderzoek in deze dissertatie richt zich daarom op de productiviteitseffecten van migratie en 

culturele diversiteit. De dissertatie begint vanuit een brede visie op factorprijs-convergentie en regionale 

verschillen in de effecten van internationale migratie, om vervolgens op micro-niveau naar individuele 

productiviteit te kijken. In alle hoofdstukken van deze dissertatie worden immigranten en hun 

kenmerken, gezien als aanbodfactoren in het productieproces. In deze dissertatie worden verschillende 

econometrische toepassingen gebruikt om de mechanismen te onderzoeken waarlangs migratie 

innovatie en productiviteit (gemeten als het loon van de werknemer)  beïnvloedt. Het doel van deze 

dissertatie is om een solide kwantitatief raamwerk te leveren voor sociaal en economisch beleid ten 

aanzien van migratie. Vanuit dit perspectief is de centrale onderzoeksvraag “Wat zijn de effecten van 

immigratie en culturele diversiteit op innovatie en economische groei?”.  Concreet, op basis van macro-  

tot micro-niveau onderzoek worden verschillende aspecten van het effect van immigratie voor het 

voetlicht gebracht.        

 

In hoofdstuk 2 wordt het effect van binnenlandse en internationale migratie op regionale ongelijkheid 

en inkomensconvergentie onderzocht aan de hand van een meta-analyse door meer dan 1200 

publicaties  uit elektronische en gedrukte bronnen te  bekijken. Het resultaat van deze exercitie laat zien 

dat het algemene netto effect van migratie op inkomensconvergentie positief maar klein is. Dit betekent 

dat een positief buitenlands migratiesaldo in een reële groeiregressie de visie van de endogene 

groeitheorie en de ‘new economic geography’ onderschrijft in plaats van het neoklassieke groeimodel. 

Hoofdstuk 3 richt zich op de 170 NUTS-2 gebieden van 12 West-Europese landen (waarbij de keuze voor 

de landen wordt beperkt door de beschikbaarheid van data), en onderzoekt het effect van culturele 

diversiteit van migrantengroepen op regionale innovatieniveaus, gemeten door patentaanvragen. Er is 

echter een drempelwaarde voor het optreden van deze effecten. Voor de NUTS-2 gebieden ligt deze 

waarde boven de eerste kwartiel van de diversiteitverdeling. Een toename van de diversiteitindex van 

0,2 rond het gemiddelde (0,49) verhoogt de regionale aanvraag van patenten met 4 procent. 

 

In het vierde en vijfde hoofdstuk wordt een micro  benadering van de productie-eenheid genomen, 

namelijk het bedrijf. Een belangrijke bijdrage van dit hoofdstuk ligt in de introductie van 

werknemersheterogeniteit en de productiefunctie van kennis, omdat de heterogeniteit van de 

werknemers niet alleen ontstaat door verschillen in kennisniveaus, maar ook door hun culturele 

achtergrond wat betreft het land van herkomst, demografische kenmerken, en de assimilatie in het land 

van bestemming. De resultaten laten zien dat het positieve effect van immigrantendiversiteit op 

innovatie kwantitatief bescheiden is; een standaardafwijking (0,3) toename in de diversiteitindex 

verhoogt de kans dat een bedrijf innoveert met 3 tot 4,5 procentpunt (rond het gemiddelde van 38 

procent). 

 



165 

 

In hoofdstuk 5 worden verschillende, nieuwe maatstaven voor diversiteit geïntroduceerd en worden de 

vele dimensies van het concept diversiteit getoetst door gebruik te maken van paneldata. De resultaten 

laten zien dat het clusteren van buitenlanders uit hetzelfde land van herkomst – gemeten door een 

colocatie  index – nadelig is voor productinnovatie ongeacht de sector of markt waarin de bedrijven 

opereren. Aan de andere kant verhoogt een rijke culturele samenstelling van de beroepsbevolking 

(gemeten door het aantal unieke geboortelanden van medewerkers in een bedrijf) procesinnovatie.  

 

In hoofdstuk 6 wordt een niet eerder in de diversiteitsliteratuur gebruikte benadering geïntroduceerd. 

Dit hoofdstuk laat aan de hand van een finite mixture model (FMM) zien dat diversiteit positief is voor 

innovaties op bedrijfsniveau, maar alleen voor een bepaald cluster van bedrijven dat zich richt op 

kapitaal-intensieve sectoren met een hoge toegevoegde waarde zoals mijnbouw, industrie, R&D, 

computer-gerelateerde diensten, en machines en onderdelen. Deze bedrijven liggen vooral in niet-

stedelijke gebieden. Het effect van diversiteit op de innovativiteit in arbeid- en grondintensieve sectoren 

is niet overtuigend.     

 

Vervolgens worden in hoofdstuk 7 data van 40.000 werknemers op de Nederlands arbeidsmarkt 

gebruikt om de loonsontwikkeling van deze werknemers met betrekking tot hun werkervaring in 

bedrijven met een cultureel gevarieerd werknemersbestand te analyseren. Dit onderzoek onderscheidt 

zich van ander onderzoek naar loonseffecten omdat er niet alleen gekeken wordt naar de effecten van 

de omvang van bedrijven, maar ook naar de effecten van de diversiteit van bedrijven uit het 

arbeidsverleden van werknemers. Dit hoofdstuk laat zien dat werknemers met een arbeidsverleden bij 

grotere bedrijven daarna minder loongroei ervaren. Een arbeidsverleden bij een multinational heeft 

geen effect op de groei van het loon; noch in termen van het aantal buitenlanders, noch in termen van 

de samenstelling van de buitenlandse werknemers.       

 

De belangrijkste boodschap van deze dissertatie is dat de heterogeniteit van immigranten belangrijk is. 

Het migratieproces is op zichzelf een selectiemechanisme dat ervoor zorgt dat mensen met bepaalde 

kenmerken eerder zullen migreren dan anderen. Bovendien kunnen de kenmerken van verschillende 

migrantcohorten substantieel van elkaar verschillen, afhankelijk van de politiek-economische situatie in 

de landen van herkomst en bestemming. Op een lagere geografische schaal toont deze dissertatie aan 

dat zowel bedrijven als regio’s baat kunnen hebben bij de aanwezigheid van immigranten, omdat zij 

kennisspillovers faciliteren en productiviteit vergroten, zowel tussen bedrijven als op internationaal en 

interregionaal niveau. Daarnaast zorgen immigranten er, met hun talent en unieke combinatie van 

verschillende achtergronden, voor dat bedrijven hun innovatievermogen vergroten. Om te profiteren 

van internationale migratie is het erkennen van het belang van heterogeniteit met betrekking tot 

immigranten een belangrijke invalshoek voor beleidsmakers. De onderzoeken die besproken worden in 

hoofdstukken 2 en 3 tonen aan dat op regionaal niveau de samenstelling van immigranten leidt tot, in 

positieve zin, onverwachte uitkomsten en dat een diverse samenstelling van de immigranten in een 

regio bijdraagt aan innovatieve prestaties. Alhoewel de integratie van immigranten toeneemt naarmate 

ze langer in een land verblijven, blijven ze imperfecte substituten voor de autochtonen. Daarom zou 

zowel de bevolking als de economie baat hebben bij beleid dat gericht is op het inzetten van de 

complementariteit tussen immigranten en de autochtone bevolking. Het onderzoek beschreven in 
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hoofdstukken 4 en 5 laat zien dat diversiteit van buitenlandse werknemers de technologische 

vooruitgang van een bedrijf kan versnellen. In hoofdstuk 6 wordt echter beschreven dat deze 

productiviteitseffecten vooral voorkomen in sectoren waar heterogene migranten met kennis en kunde 

zich clusteren, zoals in R&D en in industrieën en diensten met een hoge toegevoegde waarde. Het 

aanmoedigen van het werven van dit talent uit het buitenland zou niet alleen het tekort aan dit talent in 

bepaalde sectoren kunnen beperken, maar ook de specialisatie in bepaalde sectoren kunnen vergroten 

en zou ook kunnen bijdragen aan de innovatiecapaciteiten van bedrijven als dit talent uit verschillende 

landen afkomstig is.    

 


