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We analyze the role of migrants in productivity growth in the three largest European countries—France, 
Germany and the United Kingdom—in the years 1994–2007, using Total Factor Productivity. Unlike 
previous research, which mainly employs a regional approach, our analysis is at the sectoral level: this 
allows to distinguish the real contribution of migrants to productivity from possible inter-sectoral com-
plementarities, which might also foster growth. We control for the share of migrants and the different 
components of human-capital, such as education, age and diversity, and adopt instrumental variables 
strategies to address the possible endogeneity of migration. The results show that migrants contribute 
to the productivity of the sectors in which they are employed, but with important differences: highly-
educated migrants show a larger positive effect in high-tech sectors, and to a lesser extent in services sec-
tor. The diversity of countries of origin contributes to productivity growth only in the services sectors.
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1. I ntroduction

The contribution of migrant workers to the economic and innovative perfor-
mances of European countries is an intensely debated topic, both in the academic 
and in the policy-oriented communities. While recent political developments in 
European societies tend to highlight possible negative consequences of immigrant 
inflows on welfare of the receiving countries, evidence in the academic literature 
provides many examples of positive contribution of immigrants to the economic 
growth of the communities in which they are located.
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Indeed recent contributions have shown that among the many factors that 
drive productivity growth immigration is an important one (Peri, 2012; Mitaritonna 
et al., 2017; Bahar and Rapport, 2018), able to explain some of the differential 
rates of growth between regions and countries. The contribution of migrants to 
productivity growth is manyfold. Migrants might, for one, improve the level of 
innovativeness of economies through the supply of specific skills and competences. 
Migrants, especially skilled ones, may also foster the diffusion of new ideas, new 
way of working that spur innovation and eventually lead to economic growth. 
The existing literature has shown that the inflow of skilled migrants, in particu-
lar foreign graduates in science and technology, greatly fostered the production of 
innovation in the US, as proxied by the number of patent applications (Hunt and 
Gauthier-Loiselle, 2010; Kerr and Lincoln, 2010). This evidence has suggested the 
importance for Europe of attracting skilled professionals from abroad, in what has 
often been labeled as the “global race for talent” (Boeri et al., 2012; Breschi et al., 
2014; Münz, 2014). Recent empirical evidence has, indeed, found a positive effect 
for skilled migration on innovative outcomes in some European countries (Bosetti 
et al., 2015; Gagliardi, 2015).

Other studies show that, regardless of the level of education and the skills 
of the inflow of foreign workers, migration per se can have positive effects on the 
productivity growth of destination countries (Ortega and Peri, 2014; Mitaritonna 
et al., 2017). This is likely to be the case also for some countries in Europe, in which 
the progressive aging of society and of the labor force leads to an undersupply of 
labor in many sectors of the economy. In this case the inflow of young migrants 
could be beneficial for the future growth of these economies.

Lastly, another recent stream of literature has investigated the effect of ethnic 
diversity of the labor force on the economic performances of firms, regions and 
countries, finding in most cases that diversity has a positive effect on productivity 
growth and innovation (Alesina et al., 2016; Ozgen et al., 2012). Therefore, the 
inflow of new migrants in Europe from different countries, by increasing the over-
all diversity of the labor force, might also spur growth.

The objective of this paper is to investigate the contribution of the human-cap-
ital components of the foreign labor force on productivity growth in three European 
countries: France, Germany and the UK, 1994–2007. These are the three largest 
countries in the European Union in population terms and they also have been 
favored destinations for European and non-European migrants.

We adopt an aggregate level of analysis, in a similar way to existing studies 
that measure the effect of the share of migrants and of their diversity on the pro-
ductivity growth of regions and countries (Ortega and Peri, 2012; Ozgen et al., 
2012; Alesina et al., 2016). However, unlike these studies that adopt a geographical 
approach and use provinces, regions or countries as their preferred unit of analy-
sis, we measure the link between migration and productivity growth at the sectoral 
level. This approach allows us to contribute significantly to the existing literature 
in several ways.

The sectoral perspective is able to account for the fact that growth and innova-
tion dynamics are strongly technology-specific and differ widely across sectors, on 
the basis of the features of the knowledge used in the productive processes, as well as 
the sectoral-level dynamics of capital investments (Breschi et al., 2000; Inklaar et al., 
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2005; Castellacci, 2010). Using the sector as the unit of analysis leads to an alternative 
investigation into the link between migration and productivity, because it allows for a 
measurement of the direct impact of migrants on the productivity growth of the sec-
tors in which they are employed. The existing literature has shown the importance to 
account for intangible assets when explaining the sectoral dynamics of productivity 
(Niebel et al., 2017), as well as when cross-country comparisons on income levels are 
performed (Chen, 2018). Human capital is a relevant component of the intangible 
assets, hence also the human capital brought by immigrant workers is likely to play 
an important role in the productivity dynamics of the industries.

By adopting a sectoral perspective we are also able to check for differenti-
ated effects of migrants according to the specific type of sectors in which they are 
employed, distinguishing between manufacturing and services, and also between 
high- and low-tech sectors. Previous studies that analyze migration and productiv-
ity growth and innovation using a geographical level of analysis, do not control for 
differences across sectors. More importantly, they run the risk of measuring spuri-
ous relations, as migrants often move to regions with highest economic growth, but 
are not necessarily employed in the sectors that are actually innovative.

The sectoral perspective also allows enriching the analysis of the link between 
ethnic diversity and productivity growth. Existing studies have analyzed diversity 
at the geographical level that is, measuring the diversity of migrants in a specific 
region or country (Ager and Brueckner, 2013; Alesina et al., 2016). In our approach 
diversity is measured, instead, at the sectoral level, that is, among migrants that are 
active in the same economic sector. We argue that sectors might be a relevant, con-
founding factor in the analyses that adopt a geographical level of analysis. Indeed, 
the positive effect on productivity of ethnic diversity, measured at the geograph-
ical level, might simply capture the increasing returns due to the complementari-
ties between the different sectors in which migrants of different nationalities are 
employed. In other words a higher ethnic diversity might simply indicate higher 
diversification of a regional or national economy. It is well known that the com-
plementarities between different sectors, the so-called Jacobian or diversification 
externalities, represent an important driver of innovation activities.

In the paper we also take into account the age of migrants, since this is likely 
to be another relevant factor explaining the impact of migration on innovation, 
especially in the three countries analyzed where the native labor force is progres-
sively ageing.

In the empirical specification we measure the impact of migration (proxied by 
the share of migrants on total employment) on the growth of Total Factor 
Productivity, at the sectoral level. We also control for the education level of 
migrants, their age and the diversity of their countries of origin.1

We introduce a novel version of the methodology devised by Card (2001) to 
account for the endogeneity of migrants. Our instrumental variable strategy relies 
on the hypothesis that migrants not only tend to migrate to cities and regions in 

1By using the share of migrants and its characteristics (age, education and diversity), we adopt a 
specific measure of diversity, which only measures the diversity of nationalities among the immigrants, 
contrary to the recent paper by Ager and Bruecnker (2013), which ask a very interesting but different 
question, and compare polarization and diversity including the natives in the computation of the two 
indexes.
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which their compatriots have already settled. They, also, often exploit the networks 
provided by their national community to find jobs, and hence often get hired in the 
same sectors in which their compatriots are employed.

The results of our analysis, which take into account the endogeneity of 
migrant flows, show that also when one adopts the sectoral unit of analysis migra-
tion -proxied by the share of migrants among workers in each sector- displays a 
positive effect on Total Factor Productivity growth. This provides a further con-
firmation of the positive effect of immigration on productivity found in existing 
studies at the regional or country level. Our specification however allows us also 
to distinguish whether this positive effect is homogeneous across different sectors. 
Our results show that this is not the case: the impact of immigrants is stronger in 
manufacturing than in services, and it is especially large in the high-tech sectors. 
Also the effect of the education level of immigrants differs a lot among sectors: 
tertiary-educated migrants have a positive effect on productivity growth especially 
in high-tech sectors and - to a lesser extent - in services. In some sectors -the man-
ufacturing sectors- also middle and low educated migrants display a mild positive 
effect. Finally, when we analyze diversity at the sectoral level we find that it is not 
significant in all sectors, save in the services sector, supporting the idea that the 
positive effect often found in the literature at the regional level might be due to 
unmeasured complementarities across sectors.

The paper proceeds as follows: Section 2 presents the related literature; 
Section 3 highlights the advantages of the sectoral perspective; Section 4 describes 
the data used; Section 5 illustrates the methodology used; Section 6 presents the 
results of the empirical analysis; and finally Section 7 concludes and provides pol-
icy implications.

2. B ackground Literature

The existing literature has provided various empirical and theoretical contri-
butions that allow to identify the mechanisms through which migrants contribute 
to productivity growth and innovation. An important factor that may lead to a 
positive productivity effect is related to the diffusion of new ideas that is brought 
by an inflow of immigrants. Migrant workers, especially skilled ones, may foster 
the diffusion of tacit knowledge related to the production of new goods, new 
way of working which eventually leads to increased productivity levels. This is 
shown for example by Bahar and Rapoport (2018) who use a cross-country data-
set to show that the countries that receive an inflow of immigrants from a spe-
cific country of origin become more efficient in the production of goods in which 
the origin country is specialized in. This means that immigrants bring with them 
tacit knowledge about the production of specific commodities, helping the diffu-
sion of new ideas in the country of destination. Recent contributions extend this 
perspective by showing that the positive effect of immigration on productivity 
growth can also be linked to its role in increasing product diversity at the country 
level (Iranzo and Peri, 2009; Di Giovanni et al., 2015). Another reason behind the 
positive effect of immigrants on productivity is put forward by Peri and Sparber 
(2009), who argue that the inflow of immigrants may allow for increased task 
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specialization between natives and immigrants, which on its turn may increase 
better efficiency and productivity increases. Mitaritonna et al. (2017) show that 
immigrants can help boosting productivity by allowing also less productive firms 
to cut costs and adopt new technologies and increasing specialization, which 
eventually allows them to increase their productivity. It must be stressed that the 
literature that looks at the contribution of migrants to productivity growth and 
innovation has mainly looked at the marginal impact of migrant flows on the 
productivity of firms and countries, but it has not addressed the issue of whether 
immigrant workers are comparatively more productive than natives. The studies 
that look at the wage-gap differential between natives and immigrants suggest 
that among the many factors that influence this gap (such as for example work-
place discrimination) it is also important to include the possibility that immi-
grants have a lower productivity with respect to natives, due for example to the 
lack of literacy (Himmler and Jäckler, 2018). Indeed the only study, to our knowl-
edge, that specifically measures the differential contribution of immigrants and 
natives is the paper by Fassio et al. (2019), in which the authors show that the out-
put elasticity of skilled immigrants to patent production in European countries 
is positive, but lower (about one third) than that of skilled natives.

Since the paper of Dolado et al. (1994), which first introduced migrant work-
ers in a production function framework and analyzed the impact of highly- and 
medium-low-skilled workers on GDP per capita, research into the impact of immi-
grant workers on productivity and innovation has increased exponentially. Different 
units of analysis have been adopted to study the impact of migration. The most 
common approach is to rely on analyses performed at the geographical level (coun-
try, regions or provinces)2. In many studies a positive effect for migration (espe-
cially highly-skilled migration) on productivity growth has been found. Ortega and 
Peri (2012, 2014) measure the impact of migration on TFP at the country level for 
a very large set of countries and find a generalized positive effect for the share of 
migrants over the total population, regardless of their skill level. Also Alesina et al. 
(2016) adopt a country level perspective and find a positive effect for the share of 
immigrants on GDP and TFP per capita. A number of studies has also focused on 
the impact of immigration on direct measures of technology creation and innova-
tion. Bosetti et al. (2015) restrict their analysis to European countries and show 
that the share of migrants employed in highly-skilled occupations is positively 
related to the number of patent applications. Other studies find a positive effect for 
highly-skilled migration at the city or provincial level: Kerr and Lincoln (2010) 
report a positive effect for the number of highly-skilled migrants active in the fields 
of Science and Technology on the number of patent applications in US cities. 
Gagliardi (2015) finds that highly-skilled migrants positively impact the innovative 
performances of British firms using provinces as the unit of analysis.

Another way through which immigration can foster productivity growth is 
through increased diversity of the labor force. Alesina and LaFerrara (2005) suggest 
that a more diverse workforce may also allow for better problem solving abilities. In 

2An interesting direction of the research include also firm level studies, which unfortunately do not 
always provide clear indications of the relation between migration and productivity, because the results 
often change according to the specific national sample chosen for the analysis. For a survey see Venturini 
et al. (2017).
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other words a more cognitively diverse group of people maybe be able to find better 
solutions to complex problems (Hong and Page, 1998). This is very much in line with 
the findings of existing research on multicultural teams in business studies (Stahl et al., 
2010). Lazear (1999) shows that different skills may increase the productivity of a pro-
duction unit, although he also highlights that over certain levels of diversity too much 
differences in languages and cultures may actually decrease the benefits of diversity.

Many of the studies which adopt the geographical unit of analysis find that 
innovation is often fostered by the diversity of the country of origin of migrants, 
and not only by their quantity. Alesina et al. (2016) find that the diversity of 
migrants in terms of country of birth is positively associated with TFP at the 
country-level, and the effect is more prominent for the diversity of highly-skilled 
migrants. In most of the cases the studies find that it’s the overall variety of nation-
alities that fosters economic growth. Ager and Brückner (2013) find that also about 
a century ago cultural diversity fostered economic growth in the United States, in 
the so-called “age of mass migration.” However they also find that, while diver-
sity measured as fractionalization, increases output, polarization, which proxies 
the presence of a large group of immigrants from the same country of origin, 
instead has a negative effect on the output growth of the US counties in the period 
1870–1920. Many studies measure the impact of diversity on direct measures of 
innovation. Using regional level data for European countries Ozgen et al. (2012) 
find that patent applications are positively associated with the diversity of the 
immigrant community in the region. A similar positive effect for migrant diversity 
on patent production in European regions is found by Dohse and Gold (2014), 
while Niebuhr (2010) notes a positive effect for diversity among German provinces.

Summing up, among the studies that adopt a geographical approach to study 
the relationship between migration and productivity some find a positive effect for 
(mainly skilled) migration, while some others find a positive effect for the diversity 
of migrants’ countries of origin. The majority of these studies hence point to a 
positive effect for migration and immigrant diversity on growth performances.

In the next section we will show how adopting a sectoral perspective can offer 
a complimentary perspective with respect to the existing literature.

3. T he Rationale for a Sectoral Analysis of Migration and Productivity

Despite its prominent use in aggregate analyses the geographical approach 
has some important limitations: not least that it overlooks the role of economic 
sectors for migrant employment. The literature on Technological Regimes 
(Breschi et al., 2000; Castellacci, 2010) has shown how the specific technolo-
gies used in different sectors also influence the pace of productivity growth: the 
aggregate productivity growth of a country or a region might be the result of 
very heterogeneous rates of growth in different sectors (which may or may not 
employ immigrant workers). Moreover, the innovative activities that lead to pro-
ductivity growth can be very different across sectors and they can often require 
heterogeneous skills, since they are strictly related to the type of technologies 
being used for production activities. In this section we will show how adopting a 
sectoral perspective can help to improve the analysis of the effect of migration on 
productivity in several respects.
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3.1.  The Direct Effect of Migrants

Studies that adopt a geographical approach may overestimate the effect of 
migrants on innovation and productivity growth because they do not account for 
the heterogeneous economic performances of different sectors in a given region 
or country. A region, say, might experience very high rates of productivity growth 
because of the positive performances of a limited set of high-tech innovative 
sectors. Fast growing innovative regions typically attract foreign labor, but it is 
hard to say if these workers will be employed in those specific sectors and directly 
contribute to productivity growth: they might, instead, work in other low-tech or 
services sectors that display little or no innovation at all. In this context analyses 
performed at the geographical level tend to overestimate the contribution of immi-
grants to regional productivity growth. When the unit of analysis is, rather, the 
sector the effect of immigrant workers can be tested through the performances of 
each specific industry, by focusing in on their direct contribution to productivity. 
On the basis of these considerations it seems important to check if the estimated 
effects of immigration on productivity, found in analyses that adopt a geographi-
cal approach, still hold when a sectoral analysis is implemented.

3.2.  The Effect of Migrants’ Education

The literature on the effect of migration on productivity has mainly focused 
on the role of highly-skilled immigrants. However, different economic activities 
require different skills for the implementation of innovative strategies. In high-
tech sectors growth can only be implemented through formal R&D activities, 
based on the use of highly codified knowledge that only highly-educated workers 
have. In middle and low tech sectors, meanwhile, innovation and productivity 
growth are often achieved through other channels, such as the purchasing of 
new machinery (Santamaria et al., 2009) or the improvement of existing models 
(Von Hippel, 1976). These activities, that can greatly affect the productivity of 
firms in low and medium tech sectors, do not necessarily require highly-edu-
cated personnel, but rather experienced employees with an in-depth knowledge 
of the productive processes of the firm. As shown by Peri (2012) the positive effect 
of unskilled migration on overall productivity in US states is mostly due to the 
adoption by firms of technologies that are more efficient and intensive in their 
use of unskilled workers. Therefore, while for high-technology sectors it seems 
legitimate to focus only on the contribution of highly-skilled migrants, in the 
case of other sectors the contribution of low or middle educated foreign workers 
should also be considered. It should be remembered that unskilled immigrants 
represent, by far, the largest share of all immigrants in destination countries.

3.3.  The Effect of Migrants’ Diversity

In most studies at the aggregate level that adopt a geographical approach 
an increase in diversity is found to increase productivity and TFP. These results 
would advocate implementation of a migration policy based on a national quota 
system (which selects migrants by countries of origin) over selection systems 
based on education and experience. However, here, too, a sectoral perspective 
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highlights the possible limitations of the geographical approach, which might 
overestimate the real impact of diversity on innovation.

Indeed, in the European framework immigration is a phenomenon that occurs 
through successive “waves” of immigrants from specific countries of origin. For 
instance, Germany, after the Second World War, experienced, first, a wave of 
migrants from Italy, which, was followed by a second wave from Spain, then from 
Yugoslavia, followed by Turkish, then by Polish migrants. In France, too, migra-
tion waves were relevant, though with a different ordering of national groups3.

This implies that the diversity of migrants’ country of origin at the national 
level increases over time because migrants from different countries progressively 
penetrate the economy. But when migrants of a given nationality enter the country 
of destination they will be typically attracted by the sectors that are then booming. 
When a subsequent wave from a different country of origin arrives, other sectors 
will be in short supply, therefore migrants from different countries of origin pene-
trate, over time, different sectors of the economy.

The outcome of this process is that different sectors will employ migrants 
from different countries of origin: hence the higher the number of sectors in a 
region the higher the diversity of migrants. Now it is well known that the diversifi-
cation of economic activities in a region can benefit innovation (Jacobs, 1969; 
Feldman and Audretsch, 1999). According to Jacobs (1969) knowledge spills over 
among complementary industries, because ideas that are developed in one industry 
can also be fruitfully applied elsewhere. Complementary knowledge circulate 
across firms in different sectors of economic activity leading to increasing returns 
due to the so-called Jacobian or diversification externalities4.

If  that is the case the positive effect of the diversity of migrants on productiv-
ity and innovation found at the regional level might simply capture the positive 
effect of the (unmeasured) diversification of economic activities in a region. The 
sectoral approach is able to disentangle these two different effects, since it only 
considers the diversity of countries of origin within each sector. In our analyses to 
measure diversity among migrants, we build a diversity index (excluding the 
natives) following the Herfindahl methodology, both at the sector and at the 
national level.5 Table 1 shows that while, at the national level, there is always an 
increase in the index, at sector level we find both increasing, decreasing and stable 
values in the case of the three countries considered.

3See on these issues Tapinos (1999) and Venturini (2004).
4For the empirical evidence of the spilover effects see Goodridge et al. (2016).
5The diversity index is based on the Simpson index which is equal to the probability that two enti-

ties taken randomly from the dataset of interest (with replacement) represent the same type. Its trans-
formation (1-Simpson index) is the probability that the two entities represent different types and is 
called the Gini-Simpson index. In the context of our study it implies the probability that two persons 
randomly taken in the sector have different origins (country of birth or citizenship). 

Diversity Indexjc =1−

N
∑

i=1

Share2
ijc

. Our measure of diversity excludes the native born and captures the 

diversity among foreign employers only within their sector of activity, allowing us to separate the effect 
of the share of migrants from its diversity in terms of country of origin. Hence, it is closer to the diver-
sity measure used in Ortega and Peri (2012) than to the one developed in Alesina et al. (2016) as the 
latter considers natives as well. Higher values of the index imply a more equal distribution of migrants 
by country of origin.
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3.4.  The Role of Age

A final point is related to the age of immigrants. One of the main features of 
immigrant workers is their relatively low average age with respect to the native 
labor force. The literature is not unanimous on the effect of age on innovation, 
while there is a general consensus that the cognitive abilities of workers tend 
to deteriorate over time, as well as their creativity and their ability to innovate 
(Oberg, 1960; Jones, 2010), it is still not clear when workers are more innovative, 
either immediately after the education or at a later stage in their career (Schubert 
and Andersson, 2015). The different average age of native and immigrant work-
ers should then be taken into account in any analysis of the effect of migration 
on innovation; otherwise age might become a confounding factor in the results 
of the analysis.

4. D ata

4.1.  Source

In this study to assess the impact of migration on the innovative perfor-
mance of sectors we rely on two sets of information. The first one measures the 
level of Total Factor Productivity and comes from the publicly available EU 
KLEMS Growth and Productivity Accounts database6 (see Appendix 2 for a 
more detailed description of the data). It contains industry-level measures of out-
put, inputs and productivity for 25 European countries, Japan and the US from 
1970 onwards. In particular we use the available data on Total Factor Productivity 
(TFP) at the sectoral level, using 31 different sectors (see the list in Table 1) that 
cover the whole economy. While there is not a unique way of estimating or com-
puting TFP, and several different methods have been introduced in the literature 
(Gu and Yang, 2016), the TFP data -which is computed and not estimated- pro-
vided by the KLEMS project has several advantages, as described by O’Mahony 
and Timmer (2009): in particular it allows for the cross country comparability of 
industry specific productivity trends. The second set of information is an origi-
nal dataset that derives from national microdata. To build sector level datasets of 
labor force composition for the three countries under examination, we used indi-
vidual level data coming from the Labor Force Surveys for France and the UK 
and by the Micro-Census for Germany (see Section 2 of the Appendix). These 
datasets allow for constructing human capital variables at sector level, as they 
contain information on the country of origin, age, education level and sector of 
employment of individuals. This allowed to build a dataset which contains infor-
mation on the composition of labor force both in terms of origin and education 
level at the 2-digit sector level. As a result for each sector we computed the share 
of migrants among total employed, the share of tertiary educated both among 
natives and migrants and the average age of both groups.

6http://www.eukle​ms.net/.

//www.euklems.net/://www.euklems.net/
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4.2.  Descriptive Statistics

Table 2 reports a synthetic description of the dataset, presenting the vari-
ables of interest for the total pool of observations, manufacturing and services, 
as well as high-tech and low-tech sectors due to the technological heterogeneity 
of economic sectors. The first two subgroups overlap with the last two.7 This 
allows for the detection of variation in the variables of interests, which is crucial 
for our identification strategy. The information presented in the table indicates 
that the sectors with the highest average annual TFP growth are the high-tech 
ones (2.80 percent), closely followed by manufacturing (2.79 percent). Instead, the 
slowest growth of TFP is observed in services (0.68 percent). The sectors differ 
not only in terms of innovation dynamics, but also in terms of human-capital 
composition. The sectors are relatively homogenous in their age composition; the 
percentage of young workers (younger than 35) is around 37–38 percent. On aver-
age, migrants are only slightly younger than natives. Not surprisingly the highest 
share of tertiary-educated individuals is in high-tech, which usually demands a 
highly-qualified labor force. The lowest percentage is observed in manufacturing 
where there is a higher intensity of manual work, which often needs no special 
qualifications. The non-weighted mean percentage of migrants across sectors is 
7–8 percent.8In some sectors migrants constitute up to one quarter of the labor 

7We classify as High Tech the following sectors: Chemicals and chemical products, Electrical and 
optical equipment, Financial Intermediation, Machinery, Renting of machinery and equipment, 
Transport equipment. We classify as Low Tech sectors the following sectors: Agriculture, hunting, for-
estry and fishing, Mining and quarrying, Food, beverages and tobacco, Textile, leather and footwear, 
Wood and products of wood and cork, Pulp, paper, printing and publishing, Coke, refined petroleum 
and nuclear fuel, Rubber and plastic products, Other non-metallic mineral product, Basic metals and 
fabricated metals, Manufacturing nec; recycling, Electricity, gas and water supply, Construction, Sale, 
maintenance and repair of motor vehicles, Wholesale trade and commission trade, Retail trade, except 
of motor vehicles; etc., Hotels and restaurants, Transport and storage, Post and telecommunications, 
Real estate activities, Public admin and Education,Health and social work, Other community, social 
services, Private households with employed persons.

8In the case of France and the UK countries of birth have been used to identify immigrants. In the 
case of Germany immigrants are identified by their citizenship, since this is the only information avail-
able in the Micro-Census. Given the quite restrictive naturalization law in Germany (longer period to 
become eligible for German citizenship, limited double nationality allowed) the discrepancy in the defi-
nition with France and the UK is not likely to play a big role in our analyses.

TABLE 2  
Aggregate Sector Specific Descriptive Statistics

  Total Manufacturing Services Hightech Lowtech

TFP index growth (%) 1.58 2.79 0.68 2.80 1.35
Share of young 0.38 0.38 0.37 0.39 0.37
Tertiary educated 0.07 0.06 0.07 0.10 0.06
Non-tertiary educated 0.31 0.32 0.30 0.29 0.31
Share of tertiary educated 0.16 0.13 0.18 0.20 0.15
Share of migrants 0.08 0.08 0.07 0.07 0.08
Composition of migrants by 

education Tertiary educated
0.23 0.19 0.25 0.28 0.22

Non-tertiary educated 0.77 0.80 0.75 0.71 0.78

Note: The population under 35 is considered young. The share of young Tertiary and Non-
tertiary is decomposed using, as a base, the total employed. The share of immigrants is decomposed 
into Tertiary and Non-tertiary educated using as a base the total number of migrants.
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force.9 Though the percentage of migrants is quite homogenous across sector 
groups considered (7–8 percent) the level of education of migrants varies signifi-
cantly. 28 percent of migrants in high-tech are tertiary-educated, which is well 
above the average of the whole pool of sectors considered (23 percent). High-tech 
sectors have the youngest and most educated employees; whereas manufacturing 
is characterized by the combination of the oldest and least educated labor force. 
Summing up, there is significant heterogeneity across sectors both in the terms of 
labor force composition and innovation dynamics.

5.  Model and Methodology

5.1.  The Empirical Strategy

We want to test the impact of the share of migrants on the productivity 
growth of different sectors, controlling for specific characteristics of the immi-
grants such as age, education and country of origin, since we believe that these 
will have differentiated effects according to the sector types considered. We 
adopt a simple model in which productivity growth is measured by Total Factor 
Productivity.

There are important limitations to keep in mind when using TFP growth as a 
proxy for technological change, since TFP is computed as a residual and hence 
simply indicates the share of output growth that we are not able to explain: other 
factors might, also, influence its dynamics, such as changes in the competitive 
structure of the markets, as well as the lack of proper measurement in the quality 
of productive inputs.10 Despite these limitations the use of TFP has important 
advantages since it directly captures the economic impact of technological change 
and it can be computed for all sectors in the economy, regardless of the specific 
type of innovation that they implement.11 In this study we use the sectoral TFP 
provided by the KLEMS database and computed according to the usual account-
ing framework approach (Jorgenson et al., 2005; Hartwig, 2011). The main advan-
tage of this measure is the extreme precision of the measurement of the labor and 
capital inputs, which take into account the specific number of working hours, as 
well as the different types of capital assets and depreciation rates (see Section 2 in 
the Appendix). This is extremely important because we compare a wide variety of 

9This is the case for the Food, Beverages and Tobacco sector in the UK for the year 2003 (23 per-
cent), the sector Hotels and restaurants in Germany for all the years considered  (27 percent on average) 
and for the same sector in the UK for 2006 (23 percent). In the UK also the sector Private Households 
with Employed Persons displays a 22 percent share of migrants in 2006.

10Other shortcomings, from the use of the growth of computed Total Factor Productivity, depend 
on underlying assumptions about the presence of constant returns to scale in the economy (see also 
Maynard, 2016) and from the adoption of the Euler Theorem according to which the overall compen-
sation of labor and capital equals its marginal productivity. Notwithstanding all these simplifying as-
sumptions TFP growth still remains a good proxy for the share of growth of a firm, country or region 
which does not depend on the increase of standard productive inputs, and hence is typically associated 
with innovation.

11This is especially important for our study that covers the full range of economic sectors. Other 
indicators of innovative activity, such as patents, represent a good proxy for innovation only for specific 
type of industries, in particular medium and high-tech manufacturing sectors. Moreover, it must be 
stressed that, in most cases, patents indicate an invention, but not necessarily an innovation, since some 
of them are neither licensed nor produce revenues.
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heterogeneous sectors, where the average number of working hours might differ 
substantially, as well as the type of capital assets. Moreover, in line with what said 
above, only a very precise measure of TFP allows it to be interpreted as a proxy of 
innovation and technological change.

Following Griliches (1979) we specify an augmented Cobb-Douglas produc-
tion function where the level of output at the industry level is determined by the 
usual physical inputs—labor and capital –as well as by human capital, as proxied 
by specific characteristics of the labor force, such as education, ethnicity, age and 
diversity.12

where Y indicates total value added, K and L indicate respectively capital and labor 
inputs and H denotes human capital. Finally εsct is an idiosyncratic error term. The 
indexes s, c and t indicate respectively sector, country, and year. We can rearrange 
equation (1) in the following way:

The left hand side of equation (2) corresponds to the measure of Total Factor 
Productivity. Our hypothesis is that the composition of human capital (in terms of 
ethnicity, education and age) is able to explain the different levels of TFP across 
the different sectors and over time. Since the labor inputs are already used in the 
computation of Total Factor Productivity we cannot use the levels of the labor 
variables to explain the levels of TFP, because this would risk double counting the 
labor variables. Therefore, we adopt a specification in which the level of TFP is 
explained by the specific features of the labor force, such as ethnicity and educa-
tion, rather than by the quantity of labor inputs. We rewrite equation (2) as follows:

TFP is the level of Total Factor Productivity, H is the set of variables related 
to the composition of the labor inputs. In line with existing studies (Ozgen et al., 
2012; Bosetti et al., 2015) we include the share of migrants among the labor force, 
the diversity of country of origin among migrants, in addition the share of the ter-
tiary educated and the average age of the labor force. In order to obtain a testable 
specification of equation (1) that we can estimate econometrically we log-linearize 
it indicating the logs of the variables with lower cases:

12In the original formulation by Griliches the expenditures in Research and Development are in-
cluded among the factors that determine the overall level of output. However, since in our analysis we 
include both manufacturing and services sectors, R&D expenditures are not available for most of the 
services sectors (OECD, 2016) hence we cannot include them in our model. Indeed, R&D expenditures 
are only implemented by manufacturing firms, while they are not relevant for the innovation outcomes 
of most of the economic activities in the services sector (Tether, 2005).
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Through this general empirical specification we will be able to test if  the quan-
tity of migrants (share of migrants over total employment), the diversity of their 
countries of origin, the share of tertiary-educated and their age have an effect on 
the overall levels of total factor productivity within different national sectors. A 
further advantage of our empirical approach is that we will be able to check if  these 
effects change according to specific subset of sectors taken into consideration. In 
particular, we will distinguish between manufacturing sectors, service sectors and 
between high-tech and low-tech sectors.

5.2.  Share of Migrants and Diversity

Our first specification focuses specifically on the impact of migrants on TFP 
within sectors. Moreover, it also accounts for the other characteristics of the for-
eign labor force that are likely to have an impact on the economic performances 
of sectors. These include their education and their average age. We also include 
the diversity of migrants as an additional factor that is likely to impact their con-
tribution to overall TFP levels. We introduce the following specification:

where sm indicates the log of the share of migrants over total employment of a 
national sector, age is the log of the average age of migrant workers employed in 
that sector and agesq is the log of the square of the average age, to account for any 
non-linear effects of age. According to our hypotheses, the level of human capital is 
likely to have an important role in explaining sectoral economic performances. We, 
therefore, further include the (log of the) share of migrants with tertiary education 
over the total number of migrants employed in a national sector (smte), and the diver-
sity of migrants’ countries of origin in that sector (diversity), calculated as 1 minus a 
Herfindal index of concentration. In the diversity index we exclude the natives, since 
the share of migrants is usually highly correlated with the diversity index if the lat-
ter also includes the native born. In order to account for time invariant effects we 
introduce country-sector specific fixed effects (ψsc), i.e. we interact the sector dummies 
of the 31 different sectors included in our analysis with country dummies. We also 
account for common trends across observations through a full set of time dummies 
(ηt). Finally εsct indicates the idiosyncratic shocks of the dependent variable.

The log specification chosen allows for a non-linear effect of the share of 
migrants: it implies that an increase in the share of migrants in a sector will have a 
smaller effect on TFP the larger the initial share of migrants in that sector.13 We 
believe that this specification should be more attractive than assuming an homoge-
neous effect regardless of the existing share of immigrants in a sector. It is, indeed, 
unlikely that an increase in the share of migrants will have the same effect in a 

(4) tfpsct=�
�

hsct+�sct

(5) tfpsct=�1� smsct+�2�agesct+�3agesqsct+�4� smtesct+�5� diversitysct+�sc+�t+�sct

13As an example, if  in a given sector the share of migrants increases from 5 percent to 6 percent, 
this will correspond to a 20 percent increase of the share of migrants in that sector. Conversely, if  in a 
given sector the share of migrants increases from 20 percent to 21 percent this will correspond to a 5 
percent increase in the share of migrants.
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sector in which migrants dominate and in a sector in which they go to make up 
only a minimal percentage of those employed.

5.3.  Education of Migrants

While the first specification in equation (3) only considers the role of 
migrants and their specific characteristics as the drivers of TFP levels, we now 
allow for a richer specification in which we distinguish more clearly between 
migrants with tertiary education and migrants who do not have tertiary educa-
tion (low-middle education). Also, the characteristics of the native labor force 
are included. Indeed, we want to include, in our model, all the potential effects 
of the labor force that might affect TFP and the education and age of the native 
labor force as important determinants of sectoral economic performances. We 
follow the same log linear specification of equation (3), but now we specifically 
distinguish between the log share of migrants, differentiating between those with 
and without tertiary education, and the log share of natives, always taking into 
account their education levels. We include the log average age of natives among 
our independent variables too. Our model is as follows:

In equation (6): smte indicates the log share of tertiary educated migrants out of 
total employment in a specific sector and country at time t; at the same level of aggre-
gation smmle is the log share of medium- and low-educated migrants out of total 
employment; snmle is the log share of medium and low educated natives out of total 
employment;14agem is the log average age of migrants; agesqm is the square of the log 
average age of migrants; agen is the log average age of natives; and agesqn is the square 
term of the log average age of natives. The model includes country-industry specific 
fixed effects and time dummies. In Table 3 we indicate how we built the variables 
included in the model and we report descriptive statistics.In the Appendix  
(Table A1.d) we also show the correlation table for the variables included in the table.

5.4.  Methodology

In order to estimate equations (5) and (6) we implement a fixed effect estima-
tor, which is able to account for all the time-invariant effects of each observation 
in our regression. Indeed, as is well known, the innovative performances of sectors 
(that we proxy with the levels of TFP) depend on sector-specific and country-spe-
cific factors. The literature on the Technological Regimes and Sectoral Systems 
of Innovation (Nelson and Winter, 1982; Malerba and Orsenigo, 1996) has shown 
that technology-related factors such as opportunity conditions, knowledge appro-
priability and knowledge cumulativeness shape the evolution of sectors and create 
specific productivity differentials across sectors. Moreover, the National Systems 
of Innovation literature (Lundvall, 1993) has stressed as additional factors, the role 

(6)
tfpsct=�

1
smtesct+�

2
smmlesct+�

3
snmlesct+�

4
agemsct+�

5
agesqmsct+�

6
agensct

+�
7
agesqnsct+�sc+�t+�sct

14Only three components of total employment can be included in the regression, since the sum of 
all four components adds up to 1 and cannot be included because of multicollinearity. In this case the 
share of highly–educated natives was excluded.
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of country-level institutional factors such as: the strength of university-industry 
relationships; the quality of public funded research; and public support for entre-
preneurship and start-up activities. These are likely to introduce important differ-
entials in the level of economic performances of firms between countries. Therefore, 
the introduction of fixed effects at the country-sector level is a necessary first step 
in avoiding omitted variables that might be positively correlated with the quality of 
the labor force and with the evolution of TFP.

Sectors are also tightly interconnected, because of the economic interactions 
that occur between them: a typical by-product of this fact is the transmission of 
TFP shocks from one sector to another, for example, through user-supplier inter-
actions. In order to account for the presence of common shocks in TFP we also 
introduce time dummies.

However the use of fixed effects does not allow us to avoid the possibility that 
unobserved factors occurring during the period of observation of our analysis 
affect both the level of attractiveness of a sector for foreign workers and the level 
of TFP, resulting in a risk of biased results.15 Moreover, the fixed effects estimator 
is only consistent under the strict exogeneity assumption, according to which past 

15If, for example, in time t a high-tech multinational company decides to start up a new venture in, 
say, Germany, investing a large amount of resources in Research and Development activities this will 
typically have two effects. On the one hand, the presence of a technologically-advanced large firm in a 
sector might boost the overall level of TFP in that specific sector, since R&D expenditures are the main 
determinant of productivity growth; on the other, the large investment activities of the company might 
attract new workers from outside Germany. In this case, we expect that the unobserved shock due to the 
establishment of the new company will also be positively correlated with the share of migrants in that 
specific national sector, leading to an endogeneity problem in our estimates.

TABLE 3  
Descriptive Statistics

  Mean Std. Dev. Min Max Definition

TFP 107.82 21.86 26.74 290.87 Total Factor Productivity
Share of migrants 0.073 0.046 0.000 0.29 Share of foreign born in 

total employed
Education Quality 

of Migrants
0.228 0.177 0.000 1 Share of high skill foreign 

born in total foreign 
born

Share of High Skill 
Migrants

0.015 0.015 0.000 0.091 Share of tertiary 
educated foreign born 
in total employed

Share of M-Low 
Skill Migrants

0.058 0.042 0.000 0.274 Share of non-tertiary 
educated foreign born 
in total employed

Share of M-Low 
Skill Natives

0.783 0.104 0.318 0.95 Share of non-tertiary 
educated native born in 
total employed

Diversity Index 0.858 0.100 0.000 1 Simpson index
Age of Migrants 39.49 3.114 22 53.361 Average age of foreign 

born
Age of Natives 39.98 2.038 32.319 46.541 Average age of natives 

born

Note: Highly-skilled are workers with tertiary education.
Source: KLEMS, UK LFS, FR LFS, DE Micro-census.
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shocks of the dependent variable (TFP) do not influence the current levels of the 
independent variables. This is very unlikely for mobile migrant workers who tend 
to locate in sectors that have recently experienced expansion. Therefore, in this case 
too, we might expect some bias in the fixed effects results. Finally for some sectors 
(especially sectors with relatively fewer employees) national statistical institutes 
might fail to precisely measure the number of foreign workers employed, inducing 
some measurement error in our variables of interest. This, in turn, might lead to 
attenuation bias in fixed effects estimates.

5.5.  The Instrumental Variable Strategy

In order to account for these problems we follow the well-known identifica-
tion strategy based on instrumental variables first implemented by Card (2001) to 
account for the potential endogeneity of migrants with respect to the economic con-
ditions of the geographical areas to which they would migrate. The methodology 
proposed by Card takes advantage of the fact that migrants of a certain nationality 
tend to move to locations where other people of the same nationality have already 
settled. Using the initial distribution of nationalities across geographical areas and 
the exogenous migration flows from each country of origin, it is possible to create a 
fictional flow, built as if the new entrants would settle only where their compatriots 
had already settled. This fictional flow is a valid instrument since it is correlated 
with the endogenous shares of migrants, but uncorrelated with the shocks of the 
dependent variable. For the sake of our empirical design we adapt this instrumental 
variables methodology substituting geographical areas with sectors.

Our choice is based on the following hypothesis: yes, migrants tend to move to 
areas where people of the same nationality are already settled, but in most cases they 
also start to work in the same economic activities as compatriots. The existing literature 
(Tapinos, 1996, Dustmann et al., 2003; Constant et al., 2005; Danzer and Yaman, 2013; 
Strom et al., 2018) suggests that this is mostly due to the fact that the main channels 
to find a job for the newly arrived migrants are their co nationals. In this sector-spe-
cific allocation cultural ability matters, of course, but not necessarily primarily: often 
migrants are not employed in the same sector where they worked in the country of ori-
gin. Therefore, according to our hypothesis, new migrants from a specific nationality are 
likely to work in the same sectors in which their fellow countrymen are already working.

To test the validity of our hypothesis we compare the distribution of migrants 
by country of origin across sectors in all three countries of interest. More specifi-
cally, we compute the share of immigrants from a specific country of origin in a 
sector over the total number of migrants in that sector.16 We call this measure the 
ethnic sector share, computed as follows:

16In our dataset we classified countries of origin using both specific countries (especially for 
European countries) and aggregated geographical areas of origins. Indeed, in the original micro data 
provided by the Labour Force Surveys in France and UK and the Microcensus in Germany only the 
most important countries of origin are separated out, while countries from where immigration is less 
frequent are aggregated into areas of origin. The specific classification of countries and areas of origin 
was not always homogeneous across the three sources of data, in particular in Germany the level of 
detail was slightly lower. Our primary goal has been to create countries/areas of origin that were consis-
tent across time. Secondly we tried to use the highest level of detail available for each country of desti-
nation. On the basis of these considerations we used 30 countries of origin and 14 macro-areas for 
France and the UK, while for Germany we used 13 countries of origin and 11 macro-areas.
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The index measures the share of  migrants from country of  origin i that are 
employed in sector s in the destination country c over the total number of  migrant 
workers employed in sector s in country c. This measure tells us how much a 
community of  migrants is relevant among the total number of  immigrants in a 
specific sector in each of  the three European countries of  our database. In the 
Tables (A1a), (A1b) and (A1c) of  the Appendix (Section 1) we report the value of 
the ethnic sector share for the most important countries of  origin for each country 
of  destination. The Tables indeed show that there is a tendency of  migrants from 
specific countries to concentrate in some sectors: for instance in the UK Western 
Asian and Indian workers are concentrated in Textiles, while Polish workers are to 
be found in the Rubber and Wood sector; in France Turkish workers are mainly 
in Textile and Construction, Tunisians in Food and Wood, while Moroccan work-
ers are in Agriculture; finally in Germany Turkish workers are concentrated in 
Mining.

Moreover, we find that these concentration patterns are quite stable over time, 
meaning that over years migrants, from specific countries of origin, continue to go 
and work where their compatriots are already working. In Table 4 we show the 
correlation of the ethnic sector share between the first and the last year available 
for each country of destination.17 The high levels of correlation of the ethnic sec-
toral share over time plainly indicate that the initial distribution of migrants across 
sectors explains much of their distribution in later periods.

In Figure 1 we provide, instead, a graphic representation of this correlation, 
with the ethnic sectoral share, in the first year of observation in our sample, plotted 
on the x-axis and the ethnic sectoral share in the last year of observation plotted 
on the y-axis. Again this corroborates our hypothesis that the initial distribution of 
migrants across sectors is a good predictor of the future distribution of newcomers.

5.6.  The Sector-Based Instrument

On the basis of the evidence provided in Section 5.2 and sticking to the orig-
inal notation of Card (2001), for each of our migration-related variables we imple-
ment the following strategy, in which geographical areas are substituted by 
sectors, to create fictional shares of migrants workers in each sector. For each of 

Ethnic sector share=
migrantsisc

migrantssc

17The correlation is computed between each combination of country of origin and sector in 1994 
(in Germany 1996) and 2007, excluding the values when the ethnic sector share is equal to zero.

TABLE 4  
Correlation of Ethnic Sector Share Over Time by Countries

Country Correlation

UK 1994 & 2007 0.92
France 1994 & 2005 0.74
Germany 1996 & 2008 0.97
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the three countries of destination under analysis (France, Germany and the UK) 
we computed the flow Mot of new migrants from a specific country of origin o 
that entered the country of destination in year t.18 Then, for each sector s and 
each country of origin o, we computed the share λos of migrant workers from a 
specific country of origin working in that specific sector at the beginning of our 
period of observation (1994 for France and UK, 1996 for Germany). Finally, in 
order to distinguish between skilled and unskilled migrants we calculated for 
each year t the fraction τogt of all new immigrants from a specific country of ori-
gin o that have a specific type g of education (either tertiary education or below 
tertiary education).

On the basis of our hypotheses, we expect that the fictional flow of new 
migrants from a specific country of origin o and with education g, working in sec-
tors of  the specific country of destination, will be equal to:

18To do so we computed the difference between the total number of immigrants from a specific 
country o in the country of destination in time t minus their value in time t-1.

ΔMig_instrosgt=Mot ∗�os ∗ �ogt

Figure 1.  The Relationship Between Ethnic Sector Shares (First vs Last Periods by Countries of 
Destination).

Note: Ethnic Sector Share is calculated as the share of a given country of origin in a specific sector 
by year and country of destination (Ex. share of Moroccans in the texite in France in a given year). 
Source: UK LFS, FR LFS, DE Micro-Census. [Colour figure can be viewed at wileyonlinelibrary.

com]
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These fictional flows of new migrants (differentiated by the two types of edu-
cation tertiary on one side and medium and low on the other) have been, then, 
aggregated over countries of origin in order to obtain the new fictional flow of 
total migrants of a specific type of education in sector s at time t. These new flows 
were used to build the fictional shares of migrants: we created a fictional share of 
highly-educated migrants, one of middle-low educated and, finally, a fictional 
share of migrants (regardless of education) by summing up the two previous 
shares. These measures can be used as suitable instruments for the real shares of 
migrants in equation (5) and for the real shares of high and middle-low educated 
migrants in equation (6) in an IV setting, since they should be highly correlated 
with the actual shares of migrants in each sector, but not correlated with the unob-
served shocks of TFP.19

6. R esults

6.1.  Baseline Results

In Table 5 we report the results of the estimation of the empirical model 
described by equation (5), which includes only the components of foreign human 
capital. It allows us to account for its quantity, proxied by the share of foreign 
workers out of total employment, its quality, proxied by the share of tertiary-ed-
ucated foreign workers out of total migrants employed, and its diversity in terms 
of countries of origin. Moreover, by including the average age of migrant workers 
as an additional regressor, we control for possible effects from the heterogeneity 
of age composition of employees across sectors. All models include also coun-
try-sector dummies and time dummies and they report results obtained with 
standard errors robust to heteroscedasticity.20

The results of the fixed effects estimation show that the effect of migrant 
workers on the level of total factor productivity is, in general, positive, with some 
differences across different sector groups. At the aggregate economy level (column 
1a) migrants have a positive impact on total factor productivity, with a coefficient 
of 0.054. However, when we distinguish between the manufacturing (column 2a) 

19As with most of the instrumental variable strategies that exploit the Card (2001) intuition, our 
strategy would not be valid if  we found that TFP shocks are persistent over time and that there are some 
specific unobservable that lead one ethnic group to specialize in sectors with a specific level of these 
shocks: for example some nationalities with bigger language problems might only be employed in low-
tech sectors with low TFP. If  that was the case the original distribution of ethnic shares across sectors 
in the early 1990s might not be exogenous to the current levels of TFP. In our data, however, we did not 
find clear specialization patterns in the sectoral distribution of ethnicities in the three countries of des-
tination at the beginning of our period of observation. For example, in 1994–1995 Indians were mainly 
employed in manufacturing sectors in the UK (Textile and Automotive), while in France they were 
concentrated in Hotels and Restaurants. Poles were mainly employed in the Mining sector in France in 
the early 90s, while in the UK they were mainly concentrated in Retail Trade and in Germany they were 
often employed in Agriculture. On the basis of this evidence we can consider the initial distribution of 
ethnicities across sectors as exogenous to sectoral TFP dynamics.

20Standard errors clustered at the level of sectors are not suited to this specific empirical setting due 
to the very low number of available clusters (Angrist and Pischke, 2009). In all of our specifications the 
number of clusters is never higher than 31, in some cases (such as in high tech sectors) it can be as low 
as 6. As an additional robustness check we also ran our model with bootstrapped standard errors: the 
results are in line with those presented in the paper.
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and the service sectors (column 3a) we find that in manufacturing the coefficient is 
slightly lower and not significant, while the impact estimated for services is stron-
ger and is statistically significant. In columns (4a) and (5a) we distinguish between 
High-Tech sectors and Low-Tech sectors: we find that the coefficients of the share 
of migrant workers is in line with the results for the total economy, but it is signif-
icant only in Low-Tech sectors.

As already anticipated in Section 5.2 the results of the fixed effects estimations 
are undermined by the possible endogeneity of immigrants to TFP dynamics in a 
given sector. Ex ante it is difficult to assess what type of bias of fixed effects esti-
mates one should expect in this specific empirical setting. A first possible source 
of bias is related to the fact that the dynamics of the sectors themselves might 
affect their probability of attracting migrants. More specifically growing sectors 
most probably demonstrate higher TFP growth and attract more migrants due to 
a higher demand for labor. If  so, this would lead to an upward bias in fixed effects 
estimates. Another source of bias of fixed effects could instead be due to mea-
surement errors in the number of immigrants, which would lead to attenuation 
bias and to a downward bias in OLS estimates. In a different setting Aydemir and 
Borjas (2011) indeed found that measurement errors in the share of immigrants 
could substantially bias downward the estimated impact of immigration on wages: 
the same might also apply to the impact of migration on productivity.

We instrument the potentially endogenous share of migrants with the fictional 
share computed following our sector-based version of Card’s (2001) methodology, 
as described in Section 5.2. The results in Table 5 show that the coefficients of 
the log share of migrants increase quite substantially. This is in line with most of 
the literature that uses the ethnic enclave instrument (Hunt and Gauthier-Loiselle, 
2010; D’Amuri and Peri, 2014; Bosetti et al., 2015). Now, in all specifications, the 
share of migrants is positive and significant, with a coefficient that varies between 
0.08 and 0.32. These results, therefore, suggest that attenuation bias due to mea-
surement errors plays a big role, leading to a downward bias in the fixed effects 
estimates with respect to the true parameters represented by the IV estimator.

A further explanation for the larger coefficient of the IV estimator with respect 
to fixed effects might be that when treatment effects are heterogeneous IV estimates 
can be given a local average treatment effect (LATE) interpretation; that is they 
indicate the treatment effect for the immigrants whose treatment status is affected 
by the instrument. In other words while fixed effects report the average treatment 
effect for the whole population of immigrants, the IV report the specific effect of 
the immigrants who found a job in a specific sector following the ethnic ties. In our 
case the results suggest that these immigrants have a higher impact on productivity. 
The estimates indicate that the overall effect of foreign human capital on TFP is, 
on average, positive.

The credibility of these results relies on the validity of the instrumental vari-
able used. The results of the First-stage statistics in the IV estimation (the First-
stage results are reported in the Appendix in Table A3.a) indicate that the Card-like 
instrument used to account for the endogeneity of the log share of migrants 
is a strong and reliable predictor of the real shares of migrants; the first-stage 
F-statistics are well beyond the critical values indicated in the literature (Stock and 
Yogo, 2005).
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In terms of magnitudes, our estimate implies that a 1 percent increase in the 
share of migrants in the sector leads to a 0.23 percent increase in TFP. On average, 
the share of migrants across sectors is 8 percent. An increase in migrants from 8 to 
9 percent would lead to an increase in TFP by 2.74 percent. However, the effect is 
not linear and it varies depending on the share of migrants distribution. For exam-
ple, in France in Basic Metals and Fabricated Metals, where the share of migrants 
for the considered period was around 5 percent, an increase from 5 to 6 would 
lead to approximately 3.65 percent increase in TFP. Instead, in the same sector in 
Germany, where migrants constitute around 13 percent of employees, an increase 
of 1 percent (that is from 13 to 14 percent) would lead to only 1.5 percent increase 
in TFP.

In the fixed effects specification the education level of migrants, proxied by 
the (log) share of the highly-skilled in all migrants employed, is never significantly 
different from zero. These results are confirmed by the IV estimation. The only 
exception is in high-tech sectors where the positive coefficient becomes statistically 
significant, but only at the 10 percent level. For the time being we do not instru-
ment the education of migrants (the share of tertiary-educated migrants), since we 
will properly account for its possible endogeneity in equation (6).

The diversity of migrants, which is often found to be positive and significant 
in studies at the regional or plant level, seems less relevant at the sector level. The 
fixed effects estimate of the diversity index is positive across all specifications, but 
it is significant only in services and in high-tech sectors. However, the IV estimation 
confirms the positive and the statistically significant effect only in services.21 These 
results suggest that the effect of ethnic diversity on productivity varies according to 
the specific type of economic activity and to the type of tasks that workers need to 
perform. While in the services sectors the type of tasks performed allow for diver-
sity to have a positive effect, in the manufacturing sectors diversity does not have 
any effect on productivity.22

Lastly, the average age of migrants and its squared term are significant and 
respectively negative and positive in the manufacturing and high-tech sectors. This 
points to a positive effect of young age on productivity (both with fixed effects and 
with IV). On the contrary, we find that in the total economy and in the low-tech 
sectors the coefficients are never significant. In the services sectors the opposite is 
true: the average age of migrants is positive and significant, while its square term is 
negative, suggesting that in services sectors experience on the job is more important 
and thus older migrants contribute more to TFP growth.

21Following the existing literature (Niebhur, 2010), we have also tried to account for possible non 
linear effects of diversity by including a squared term in our specification. The results do not change 
from the ones presented in the paper, as diversity is always non significantly different from zero, also 
when we account for its non-linear effect.

22In line with the results found by other studies who measured diversity as separated from polariza-
tion (Ager and Brueckner, 2013), we have also checked whether the inclusion of a polarization index 
would substantially affect the impact of diversity. In order to have comparable measures with respect to 
the existing studies on diversity and polarization we computed the diversity and polarization index in-
cluding the natives in the computation and excluding the migrant share from the independent variables 
of our model. The results show that there is no substantial effect of neither of the two indexes on our 
measure of productivity growth. This confirms the non-significant effect of diversity on productivity at 
the sectoral level.
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We then investigate more specifically the role of highly-skilled/middle-low-
skilled foreign labor force.23 Table 6 reports the results of an estimation based on 
the model described in equation (6). We consider the effect of the migrants by skill 
level, while taking into account the effects of native workers as well. By adding 
variables related to the native labor force, in addition to the fixed effects and the 
time dummies, we are able to control the idiosyncratic sector-country specific 
dynamics better. Here as well, we first present the fixed effects estimation results 
and then the results of the two-stage least squares estimation. In the latter ones the 
share of highly-educated migrants and the share of middle-low educated migrants 
are instrumented respectively by the fictional shares built following the methodol-
ogy described in Section 5.2.

The fixed effects estimation results suggest that highly-skilled migrants play a 
positive role in TFP growth; the corresponding coefficient is positive in all five 
specifications. However, it is statistically significant only in high-tech sectors. This 
result is partially in line with what we find for the previous specification (Table 5). 
When controlling for potential endogeneity we find that the effect is, indeed, posi-
tive and significant in almost all specifications (High tech, Services, Low tech). In 
this case the downward bias of the fixed effects suggests that especially for highly 
skilled immigrants measurement errors in official statistics might substantially 
decrease their measured impact on productivity and innovation. The first stage 
F-statistics, reported at the bottom of Table 6 (see also the First-stage results in the 
Appendix in Tables A3.b and A3.c), are always beyond the critical levels indicated 
in the literature (Stock and Yogo, 2005). The only exception is manufacturing, 
where the coefficient of the log share of highly-skilled migrants is neither positive 
nor statistically significant. However, as shown by the F-statistics at the bottom of 
Table 6, among manufacturing sectors the Card-like instrument for highly-edu-
cated migrants does not have sufficient explicative power. Therefore, the reliability 
of the results of the second stage for highly-educated migrants is relatively low in 
this case.24

The fixed effects estimates suggest that middle-low educated migrants have 
a positive and statistically significant effect in the economy as a whole, in services 
and in low tech sectors. However, when we account for the possible endogeneity of 
migrants we find that the positive effect found with fixed effects estimation disap-
pears in most specifications, suggesting that, unlike highly-skilled migrants, demand 
pull effects might, instead, bias upward the coefficient of the fixed effects estimates 

23We also built two measures of diversity, one for highly-educated migrants and another for low 
and medium educated ones. However, the two variables were never significant in our estimates, probably 
because the age and sector specification capture a large part of its effect, thus we present only the spec-
ifications without them.

24The failure of the instrument to predict the stock of the highly-skilled in manufacturing is to be 
imputed to the low presence of highly-skilled migrants. The moderate presence of the highly-skilled in 
manufacturing (less than 1%) does not allow the Card-like instrument to capture the sector penetration 
pattern by country of origin and, hence, to predict the future flows of migrants into sectors. To test this 
hypothesis we split the whole pool of manufacturing sectors into two subgroups: high-tech manufactur-
ing and low-tech manufacturing. We repeat the IV estimation for both subgroups. The results indicate 
that the instrument for highly-skilled migrant is not valid for the low-tech subset of manufacturing, 
while in high-tech manufacturing the F-statistics is well above the conventional threshold. Hence, the 
weakness of the instrument in manufacturing is not, so much due to the different behaviour of high-
ly-skilled migrants in manufacturing, but rather to the limited number of high-skilled migrants in low-
tech manufacturing sectors.
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for middle-low educated migrants. Differently from the other sectors the estimate for 
manufacturing increases in magnitude and becomes statistically significant, even if  
only at the 10 percent level. In line with Peri’s (2012) results this finding suggests that 
especially in manual-intensive tasks the presence of medium and low skilled immi-
grants might lead to a substantial increase in TFP, not least due to the adoption by 
firms of technologies that make a more efficient use of unskilled workers.

The share of low and medium educated natives is always positive and signifi-
cant in most specifications, suggesting that the role of native workers must be taken 
into account in order to properly understand the contribution of foreign human 
capital. Looking at the age results we find that among migrants age generally dis-
plays a negative effect, whereas among natives age displays a generalized positive 
effect (with the exception of manufacturing). This would suggest that while among 
natives age can be associated with experience on the job and hence is often a pos-
itive factor influencing TFP, among migrants this is not the case. This could be 
either because individuals who migrated at a late stage of their career cannot prop-
erly exploit their previous experience on the job in the country of destination, or 
because they do not receive proper training on the job during their career in the 
destination country. The negative effect of age for immigrants is particularly strong 
and significant in high-tech sectors, suggesting that these sectors strongly benefit 
from the inflow of young and highly-educated migrant workers.

Summing up, our analysis shows that when one adopts a sectoral perspective the 
effect of the migrant labor force comes out differently for different sectors of the econ-
omy. Therefore, analyses that consider the results only at the economy-aggregate level 
might mix up different effects and components. On average, the share of migrants out 
of total employment is not higher than 10 percent in the three countries considered. 
Our results tell us that an increase from 10 percent to 11 percent—which amounts to 
a 10 percent increase of the share of migrants—would lead to a 3 percent increase in 
TFP in high-tech sectors but of only 0.8% in services. Our results are lower than 
Ortega and Peri (2014)’s elasticity of 6 percent,25 because we are able to control for 
sectors. But there is no question that our results are still strongly positive.

Our results also point to the important role of highly-skilled migrants, espe-
cially in high tech sectors, where their impact is the strongest. Low skilled migrants, 
instead, have a much less fundamental role, but they are still important in manufac-
turing as a whole. These results confirm part of the existing literature that stresses 
the important role of highly-skilled migrants for innovation performances. But it 
provides a more complete perspective highlighting how, in the manufacturing sec-
tors, middle and low-educated migrants also contribute to productivity growth.26

25Ortega and Peri (2012) results probably differ from ours because their analysis adopts a 
cross-country approach which cannot account for the panel/time dimension of the innovation process, 
which is instead an important element of our analysis.

26In our analysis we paid a great deal of attention to the possible existence of larger brain waste 
among migrants than among natives. To our surprise, though, when we built a variable indicating the 
share of migrants in highly-skilled occupations we found that the correlation with the share of high-
ly-educated migrants was very high, around 98 percent. This result suggested that brain waste should 
not be a big issue among migrants in these three countries and, therefore, we did not investigate the role 
of brain waste in the productivity dynamics. We replaced the education variable with occupation and 
the result, given the strong correlation of the two variables, remained the same or, in some cases, they 
were less significant than education.
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Another outcome of our analysis is that a sectoral perspective shows that, 
unlike Alesina et al. (2016), diversity does not always play a positive role in produc-
tivity performances: it has a strong and positive effect on the services sectors, but 
it has no effect elsewhere in the economy. We propose that the explanation for the 
difference in our results for the limited role of diversity may be related to our sec-
toral specification choice. Indeed, it is likely that the positive results in the diversity 
index, found in previous empirical works at the regional and national level, might 
be driven more by some form of complementarity among sectors, rather than by 
the real existence of a positive effect due to a diversified migrant population.

6.2.  Robustness Checks

6.2.1.  Labor Productivity and the Role of Capital Intensity
A possible shortcoming of our analysis is that by using TFP we cannot con-

trol for the possible effects that the inflow of new immigrants may have on the 
capital intensity of the firms in which they are employed. The existing literature 
shows that, especially for low skilled immigrants, the local availability of new and 
cheaper labor force may induce firms to delay specific investments in the renewal 
or upgrading of their stock of capital ( machineries and equipment) and increase 
instead the labor intensity of their productive process by hiring new immigrant 
workers (Lewis, 2011). In the case of skilled workers instead the effect is less clear-
cut, since in some cases the availability of new skilled labor might even spur the 
investments of firms in new technologies (Paserman, 2013). Moreover this effect 
typically changes according to the type of sectors, with different results found 
between high tech or low tech industries.

In our case we do not have specific a priori about the possible effect of immi-
grants on the capital intensity of the sectors in our sample, since we have very 
different types of immigrants (skilled and unskilled) and we also have very differ-
ent types of sectors, including high and low-tech ones, as well as manufacturing 
and services. In order to understand if  there is an important role of capital in 
our empirical setting we replicate our analyses using the log of labor productiv-
ity instead of Total Factor Productivity: indeed the dynamics of capital intensity 
will affect very differently labor productivity and TFP: while an increase in capital 
intensity typically leads to an increase in labor productivity, this is not necessarily 
the case for TFP, since the overall increase of TFP depends on the specific output 
elasticities of both labor and capital. If  indeed capital is an important factor in 
the relationship between immigration and productivity we should expect substan-
tial differences between the results obtained using TFP or Labor Productivity as 
a dependent variable. We use the same source of data that we used for TFP, i.e. 
the sectoral levels of labor productivity provided by the EU KLEMS Growth and 
Productivity Accounts database. In Table 7 we show the results obtained using 
labor productivity as a dependent variable in both our previous specifications. We 
only show the result of the IV specification, as this is our preferred one. The results 
in columns (1) to (5) show that when we run the specification of equation (5) the 
results are very stable, we find a moderate increase (about 20 percent) of the coef-
ficient of the share of migrants in all sectors. When we estimate equation (6) we 
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find instead that the results are roughly the same as those found in Table 6. These 
results suggest that the dynamics of capital intensity do not play a very relevant 
role in our specific setting. At the same time, in the case of equation (5) it suggests 
that the coefficient of the share of migrants obtained using TFP as a dependent 
variable can be considered as a lower bound, with respect to the overall impact of 
migrants on productivity (Table 7).

7.  Conclusions

In this paper we have analyzed whether and to what extent migrants contrib-
ute to the productivity growth of thee large European countries namely France, 
Germany and the UK. Our level of analysis is the activity sector of migrant work-
ers. This approach provides a relevant contribution to the existing literature for 
several reasons.

With respect to the literature that measures the impact of migration at the aggre-
gate regional or country level we are able to measure the direct impact of migrants 
in the sector in which they are actually employed. This means we avoid spurious 
relations due to the fact that migrants often move through growing and innovative 
regions, but are not necessarily employed in high productive sectors. Moreover, by 
measuring ethnic diversity at the sectoral level, we are able to disentangle the actual 
effect of diversity from the effect of the so-called Jacobian externalities, that is com-
plementarities between sectors. Since migration typically occurs through succes-
sive waves of migrants from distinct countries of origin, in each period the flow of 
migrants will be absorbed by the sectors that are booming in those specific years. 
Therefore, over the years, migrants from different nationalities will stratify in differ-
ent sectors according to when they arrive. As a consequence a high level of ethnic 
diversity in a given region might simply indicate a high level of diversification of 
regional economic activities and the existence of substantial diversification external-
ities that are likely to generate increasing returns and spur innovation and growth. 
By measuring ethnic diversity at the sectoral level (and not at the geographical level) 
we are able to account for this important confounding factor. Moreover, our sectoral 
aggregate approach seems appropriate to derive policy implications.

The analysis is performed using the total number of sectors of the economies 
of France, Germany and the UK for the years 1994–2007. The outcome measure 
is the growth of Total Factor Productivity. In our specification we measure the 
impact of the migrant share, their level of education, their average age, and the 
level of ethnic diversity measured at the sectoral level.

In order to account for the possible endogeneity of migrants the well-known 
procedure first implemented by Card (2001) has been adapted to the sectoral 
specification: we hence put forward the hypothesis that migrants not only tend to 
migrate to cities and regions in which their compatriots have already settled, but 
also that they often exploit the networks provided by their national community to 
find jobs, and hence often get hired in the same sectors in which their compatriots 
are already employed.

The results of the econometric analysis show that our instrumental variable 
strategy works well and that the share of migrants has in general a positive effect on 
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Total Factor Productivity growth. This is a first important results, which confirms 
that the effect of immigrants on productivity depends on the direct contribution 
of immigrants to the productivity of the sectors in which they are employed. The 
second relevant result is that the impact of this effect varies considerably across 
sectors: it is much stronger in manufacturing and especially in high-tech sectors, as 
compared to services. Moreover, tertiary-educated migrants have a positive effect 
on productivity growth mainly in high-tech sectors and, to a lesser extent, in ser-
vices. In manufacturing, instead, middle and low educated migrants display a mild 
positive effect on TFP growth. Finally, the diversity index is never significant in all 
sectors but in the services sector, supporting the idea that the positive effect often 
found in the literature might be due, at least for non-services-based activities, to 
unmeasured complementarities across sectors.

The analysis is not free of some limitations and these need to be kept in 
mind. First of all the strategy does not allow for the measurement of possible 
inter-sectoral spillovers that might increase the aggregate effect of immigration on 
innovation at the regional or country level. In this respect our results might be 
considered as a lower bound for the identification of the overall effect of immigra-
tion on innovation performances in the three European countries under consider-
ation. Secondly the strategy adopted, by considering only the sectoral affiliation of 
immigrant workers, does not take into account spatial proximity effects, especially 
between natives and immigrants. Indeed, it is likely that the effect of immigrants 
on productivity also depends on the knowledge spillovers that typically take place 
from close interactions with native workers. A further limitation of our analysis 
is that it does not specifically inquire whether the contribution of immigrants dif-
fers from the natives’ one, even if  we control for it. This is a very interesting field 
of research which however lies outside the scope of this paper, but which would 
provide important information to policy makers. Lastly, our production function 
approach is well suited to identify the supply effect of immigration at the sectoral 
level, but it is not able to properly account for the aggregate welfare effects of 
the inflow of immigrants on the countries of destination. Indeed an inflow of 
immigrants will also have an impact on the demand for housing, healthcare and 
schooling. This demand factors, which we do not account for in this model, should 
necessarily be considered when the overall impact of immigration is to be assessed.

Keeping in mind these important limitations it is possible to provide some 
tentative policy implications that can be drawn from the results of our study. First 
of all our analysis shows that migrants directly contribute to the productivity of 
the sectors in which they are employed: this implies that policies aimed at drasti-
cally decreasing the inflow of immigrants should consider that this might also have 
some impact on productivity growth. However our analysis also shows that, when 
one distinguishes by education level, the impact of migrants on productivity varies 
considerably according to the sectors in which they are employed. The positive 
effect of tertiary-educated migrants is especially strong in the high-tech sectors 
and—to a lesser extent—the services sectors. This suggests that, in order to foster 
productivity, European member states should promote the European Blue Card or 
specific national programmes (e.g. the Dutch or the UK highly-skilled visa regime) 
which facilitate the entrance of highly-skilled migrants. Moreover our findings 
suggest that a migration policy intended to foster the productivity of European 
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countries should be strongly demand-driven, that is, it should take into account the 
specific needs of firms active in different sectors. While tertiary-educated migrants 
are important for specific sectors with high knowledge content, countries in which 
manufacturing (in particular mid-low tech manufacturing) still has an important 
role in the overall economy may not benefit much from this category of foreign 
workers. Hence policy makers should consider introducing a more diversified pol-
icy mix strongly connected with the actual demand of firms (and sectors), in order 
to facilitate the entrance of the workers most in need. The non-significance of the 
diversity index, meanwhile, for most of the sectors analyzed suggests that migra-
tion policy should rather focus on the skill-specific needs of the productive system, 
rather than on the specific country of origin of new migrants.
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