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ABSTRACT
This paper offers a novel take on the relationship between migra
tion and regional innovation by analysing the impact of both inter
national and internal migration flows across Italian provinces, by 
skill level, and on three types of intellectual property rights (IPRs), 
namely patents, trademarks and design rights. Allowing us to cap
ture innovation beyond technology and high-tech manufacturing, 
our results shed light on the relationship between different types of 
migrant human capital and this array of innovative outcomes. 
Focusing on Italian provinces in the period 2003–2012, our empiri
cal analysis reveals that internal migration is more significantly 
related to innovation than international migration. Moreover, med
ium- and high-skilled migrants are positively associated with all 
three types of IPRs, while low-skilled migration has a negative 
association. There are also significant differences across provinces, 
with a clear distinction between the more economically developed 
Northern provinces and the rest of Italy.
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1. Introduction

Economists and geographers have long stressed the need for a deeper understanding of the 
economic consequences of migration on growth and, more recently, on resilience 
(Boubtane, Dumont, and Rault 2016; Cushing and Poot 2004; Alessandra, Rajbhandari, 
and Dotzel 2017; Hunt and Gauthier-Loiselle 2010). Although research on this relationship 
is abundant, the role of migration on local innovation have been far less investigated (Zhao 
and Li 2021). Given that innovation is a key driver of economic growth and regional 
resilience, an emerging research strand focuses on whether specific groups of migrants 
might play distinct roles depending on their skills (Granato et al. 2015; Nathan 2014).

Migration has the potential to change the demographic composition and skills of the 
workforce. Empirical analyses have shown how an increase in human capital stocks, 
resulting from migration, stimulates knowledge creation processes and increases the 
level of creativity and productivity of local networks (Alesina and La Ferrara 2005; 
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Amendola, Barra, and Zotti 2020; Gagliardi 2015). However, other authors have found 
a negative or neutral effect of migration on innovation (Venturini, Montobbio, and 
Fassio 2012; Bratti and Conti 2018). For example, an inflow of low-skilled labour can 
result in the availability of a cheap workforce in traditional sectors, thereby increasing 
their relative size (De Arcangelis, Di Porto, and Santoni 2015) and discouraging 
investment in capital-intensive technologies, with negative effects on innovation 
(Lewis 2011; Peri 2012).

As a result, whether or not migration has positive effects on innovation needs to be 
empirically established. Moreover, research has mostly focused on international migra
tion, largely because of its greater visibility in policy debates. However, most migration 
flows are actually internal and have resulted in regional differences in economic growth 
and productivity levels (Fratesi and Percoco 2014; Basile et al. 2019).

The objective of this paper is to provide nuanced evidence on the impact of migration on 
innovation in Italian provinces over a ten-year period (2003–2012), by simultaneously 
looking at both internal and international migrants and different types of innovation 
outcomes. Italy is an interesting case study because the country has experienced a recent 
wave of international migration of mostly less educated workers from developing countries 
(Bratti and Conti 2018). At the same time, there has been an increasingly selective internal 
migration of the most qualified individuals from the less developed Southern provinces to 
the richer ones, with clear effects on the long-standing issue of regional divergence.

To assess the impact of skill-specific international and internal migration flows on 
regional innovation, we employ a knowledge production function (KPF) approach, 
where the three IPRs metrics represent different innovation outputs. To the best of our 
knowledge, this is the first migration study to exploit a broader set of innovation metrics. 
Specifically, we combine patents with trademark and design applications, following 
recent efforts to expand regional innovation metrics beyond patents only (Capello and 
Lenzi 2018; Castaldi and Mendonça 2022).

The results of our empirical analysis for the period 2002–2013 indicate that internal 
migration in Italy was more significant for local innovation than international migration. 
This bears important implications, and is a warning against solely using international 
migration as an explanatory variable for innovation while disregarding internal migra
tion flows. Another key result is that medium- to high-skilled internal migration is 
positively associated with all three types of regional innovation while low-skilled migra
tion has a negative association. Moreover, differences emerge across macro-areas, with 
a clear distinction between the more economically developed Northern provinces and the 
rest of Italy.

The remainder of this paper is organised as follows. Section 2 provides a brief overview 
of the most relevant literature while Section 3 explains the data, methodology and econo
metric models. Section 4 then presents our results and Section 5 offers the conclusion.

2. Literature background

Two strands of literature are relevant for our work: (i) The strand that links migration 
and innovation; and (ii) the strand that explains IPRs and their relevance.
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2.1. Migration and innovation

In the last two decades, increasing attention has been paid to the economic effects of 
migration on the destination areas (Nathan 2014) including population growth as well as 
changes in wage levels and workforce composition both in terms of skills and other 
demographic variables (Ozgen et al. 2014). The impact of migration on innovation 
however has received less attention. Recent studies have found a positive relationship 
between migrants and firm-level innovation (Maré, Fabling, and Stillman 2014; Jonkers 
2011). Jensen (2014, 240) highlighted for example that, ‘people movement is one of the 
main ways in which tacit knowledge moves between areas.’ Migrants also act as a circuit 
breaker for ‘group think:’ a more diverse group of individuals can reach better innovation 
outcomes due to the variety of aggregated knowledge (Hong and Page 2004). As such, the 
inclusion of migrants can benefit the exchange and generation of ideas (Brunow and 
Stockinger 2013; D’Ambrosio et al. 2019).

Therefore, migration has the potential to change not only demographic composition, 
but also the skills composition of the labour force in a way that promotes – or hinders – 
innovative activities. Scholars have mostly focused on the role of high-skilled migrants 
and so-called STEM migrants (Breschi et al. 2020). For instance, using a survey of college 
graduates, Faggian and McCann (2009) have shown that regions with high-skilled 
migration have a higher level of patenting. Bosetti, Cattaneo, and Verdolini (2015) also 
found a positive effect of high-skilled migration on technological and scientific output for 
20 European countries.

However, the positive effects of migration on innovation are contested (Venturini, 
Montobbio, and Fassio 2012). For example, Ortega and Peri (2014) showed, with 
a sample of 30 OECD countries, that migration had a negative effect on total factor 
productivity. Recently, Bratti and Conti (2018) found no statistical significance of 
medium-high and low-skilled international migration on innovation in Italy. They also 
used patents to measure innovation but complemented them with firm-level survey data 
to capture non-patented innovation as well.

The negative effects of innovation seem to apply to destination regions that receive 
a large number of low-skilled migrants. Bratti and Conti (2018) suggested that unskilled 
migration can reduce social capital, be linked to communication problems among work
ers, and may even lower incentives for firms to innovate. Lewis (2011) and Peri (2012) 
estimated the effect of low-skilled migrants (mainly from Mexico) on US manufacturing 
industries and found a negative correlation with the use and adoption of new technol
ogies. For Europe, Ozgen, Nijkamp, and Poot (2012) disaggregated foreign immigrants 
by country of citizenship and found differential effects on innovation performance for 12 
European regions, indirectly relating their results to the average skill level of migrants.

Whether or not migration is positively related to innovation is a salient empirical 
question which needs to be addressed by considering the (potentially opposite) roles of 
high-skilled and low-skilled migrants. Prior research has dealt more with international 
migration than with internal migration. This is somewhat at odds with the fact that the 
scale and long-term impact of internal migration is highly relevant. Internal migration 
has been characterised by massive movements from rural areas to cities, triggered by 
educational and employment opportunities, and has supported urbanisation, industria
lisation and post-industrialisation (Otoiu, Titan, and Dumitrescu 2014).
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This differs from international migration in at least two important aspects. First, the 
integration of internal migrants tends to be easier, given the common language as well as 
cultural and institutional proximity (Di Berardino et al. 2019). Second, recent waves of 
internal mobility mostly concerned higher skilled migrants (Coulombe and Tremblay 
2009; Bossavie et al. 2022). For the case of Italy, evidence shows that highly educated 
individuals move to more industrially-advanced regions (Basile et al. 2019). Such selec
tive migration further widens current regional disparities in human capital endowment.

2.2. The Italian context

Italy has always been characterised by a remarkable North-South divide, which has 
triggered significant and persistent interregional migration flows where high-skilled 
workers often move to the more developed Northern regions. Several studies have 
found that this inflow of highly-educated migrants has further deepened existing regional 
differences by strengthening the human capital of the host regions (Fratesi and Percoco 
2014), reducing unemployment (Basile et al. 2019) and affecting the quality of institu
tions (Di Berardino et al. 2019).

In contrast, international migration to Italy has been dominated by low-educated 
workers (Del Boca and Venturini 2005). In fact, of all European countries, Italy has one 
of the lowest capacities to attract highly educated immigrants (Organization for 
Economic Co-operation and Development (OECD), 2008). This strong inflow of low- 
skilled migrants has fed the needs of traditional economic activities which produce 
labour-intensive goods (Bratti, De Benedictis, and Santoni 2014).

Nonetheless, no study has addressed the impact of the two different types of migration 
on Italy’s level of regional innovation. By including both migration types here, we 
provide a better understanding of the relationship between migration and innovation 
across Italian regions. In doing so, we also address the plea for broadening the take on 
innovation (Bosetti, Cattaneo, and Verdolini 2015).

2.3. Measuring innovation beyond patents

The overwhelming majority of studies on migration and innovation have used patents as 
the innovation metric. This over-reliance on patent data in the migration and innovation 
literature (Alessandra, Rajbhandari, and Dotzel 2017) is partly due to – until recently – 
the limited availability of other types of data as well as the general bias of innovation 
studies towards technological innovation (Castaldi and Mendonça 2022). However, the 
call for considering a broader range of innovation metrics has already resulted in indexes 
like the European Regional Innovation Scoreboard (RIS)1 which includes not only 
patents, but also trademarks and design applications.

The combination of these three innovation indicators allows for the combined exploi
tation of the advantages of each metric:

1The Regional Innovation Scoreboard (RIS) is the regional extension of the European Innovation Scoreboard (EIS). RIS 
facilitates a comparative assessment of innovation performance of EU Member States at the regional level (European 
Commission 2019).
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(1) Patents: a patent constitutes a “legal right to exclude others from making, using, 
or selling the patented invention or process for some period of time” (Carlino and 
Kerr 2015, 7). To be granted a patent for an invention, three main conditions are 
necessary: novelty, non-obviousness, an industrial application. The last one 
explains the wide reliance on patents in the manufacturing sector (Greenhalgh 
and Rogers 2010). Patent statistics can be calculated at different levels of aggrega
tion, including at the regional level (Acs, Anselin, and Varga 2002; Quatraro 
2009b). The limits of patents are well known; large firms for example are more 
likely to use them due to their costs and complexity, hence patent statistics 
underestimate innovation in small- and medium-sized firms. Additionally, 
patents provide a wealth of information on how companies position themselves 
within technological trajectories, although mute later phases of the innovation 
value chain (Castaldi 2020).

(2) Trademarks: a trademark is the right to use symbols (figurative, text or other) to 
distinctively market a product and signal its quality to consumers. Even though 
trademark registration does not require any novelty (as patents dVo), a new 
trademark has to fulfil the main condition of ‘distinctiveness’ (WIPO 2004). 
Trademarks are the most widely used IVPR, as they are filed by firms of all sizes 
and across all economic sectors, partly because of their lower registration costs 
(Castaldi and Mendonça 2022; Mendonça, Pereira, and Godinho 2004). 
Trademark-based indicators can therefore help capture innovation in service 
sectors (Gotsch and Hipp 2012), SME innovation, and non-technological forms 
of innovation (Flikkema et al. 2019; Flikkema, De Man, and Castaldi 2014). 
Trademarks also track leading economic indicators at the country (deGrazia, 
Myers, and Toole 2020) and regional levels (Di Berardino, Onesti, and Pinate 
2020).

(3) Design rights are less common than patents and trademarks although they can 
play an important role in appropriating rents from design and aesthetic innova
tion (Galindo-Rueda and Millot 2015). A design right essentially protects the 
visible features of a product (or part thereof). To register a design, detailed 
drawings of all the dimensions and characteristics of the product are needed. 
Data on designs have been exploited in innovation studies only in a few instances 
(Galindo-Rueda and Millot 2015; Filippetti et al. 2019; Filippetti and D’Ippolito 
2017). And while the use of design rights is very common among SMEs (Kitching 
and Blackburn 1998; Jensen and Webster 2004), the validity of design rights as an 
innovation metric bears limitations (Filitz, Henkel, and Tether 2015) as most 
design innovation does not undergo formal registration.

In sum, the three IPRs above can be combined to capture different phases of the 
innovation process, ranging from invention to design and all the way to commercialisa
tion. In fact, firms often exploit their complementarity and file for each IPR in a different 
innovation phase (Seip et al. 2018). At the same time, this complementarity is much less 
evident in contexts where organisations are less R&D intensive or where the nature of the 
innovation is hardly technical (Jensen and Webster 2009). These contexts include low- 
tech and supplier-dominated or demand-driven manufacturing branches (e.g. consumer 
goods, fashion) and many service sectors, including knowledge-intensive services (KIS) 
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(Castaldi 2018). In these circumstances, trademarks and designs can help reveal hidden 
innovation that is not uncovered with patents. From a geographical perspective, combin
ing the three metrics allows us to acknowledge a wider range of regional innovation 
specialisations beyond those based on science and technology (Carree et al. 2015; Capello 
and Lenzi 2018).

Our overall expectation is to find positive effects of medium- and high-skilled migra
tion flows on innovation, not only for regional patent intensity, but also for trademarks 
and design rights. This is particularly valuable for countries like Italy with strong creative 
and design-based sectors, whose innovation activities are poorly captured by patents.

3. Data and methods

The econometric analysis is carried out at the Italian province (NUTS3) level by merging 
data provided by Italy’s national statistical office ISTAT on bilateral migration flows by 
educational level and Eurostat regional data on patent, trademark and design applica
tions. Our panel includes 103 Italian provinces over the period 2003–2012. We opt for 
NUTS3 level for two main reasons. First, NUTS3 is the most detailed level for which both 
human capital migration flows and intellectual property rights data are available. Second, 
several migration studies have used the same scale to measure the effects on innovation 
(e.g. Bratti and Conti 2018; Crescenzi and Rodríguez-Pose 2011; Niebuhr 2010), hence 
we can compare our results to previous literature.

3.1. Innovation data

Intellectual Property Rights (IPRs) data come from Eurostat: patents come from the 
European Patent office (EPO) and trademarks and designs from the European Union 
Intellectual Property Office (EUIPO). Eurostat counts European rather than domestic 
IPR applications. These international applications are typically higher quality than 
national ones since their filing is somewhat more complex and costlier.

In the 10-year period considered, Italian provinces have experienced a decrease in 
patent filings coupled with an increase in the use of trademarks and designs (see 
Figure 1a). In addition, firms have consistently registered more trademarks than other 
IPRs.

Although Italy is the second largest European industrial country after Germany, its 
total factor productivity is rather low due to its reliance on traditional sectors and firms 
with outdated technology (Quatraro 2009a). Italy also specialises in a number of sectors 
where creativity and design play a key role (e.g. fashion and architecture). Finally, the 
Italian economy is dominated by SMEs which partly explains the larger presence of 
trademarks.

As the maps in Figure 2 show, similarities exist between the spatial distribution of the 
three IPRs, as all three are more common in the North and in some of the central 
provinces. In fact, all top 10 provinces for the three innovation indicators are in the North 
(see Appendix A.1), while the bottom 10 occur in the South. The top 10 provinces 
account on average for about 45%, 44% and 49% of all national applications for patents, 
trademarks and designs. However, the specific rankings vary across innovation indica
tors, for example with Milan being top for trademarks but not for patents and designs. 
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When considering macro-areas (see Appendix A.2), patent applications have decreased 
while trademarks and designs increased everywhere with Central and Southern provinces 
scoring relatively well.

3.2. Migration data

Provincial level (NUTS3) data come from the Demographic Portal of ISTAT, which 
classifies migration flows by educational level which includes five categories that range 
from individuals with no education to individuals with a tertiary education.2

(a) IPRs (b) Migration
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Figure 1. Intellectual property rights applications and migration dynamics in Italy.  
Notes: The data correspond to the period 2003-2012 (a) patent, trademark and design applications per 
1000 inhabitants; (b) medium- and high-skilled and low-skilled international and internal migrants per 
1000 inhabitants.

(a) Patent (b) Trademark (c) Design 

Figure 2. Intellectual property rights applications at provincial level in Italy. Notes: The data correspond 
to averages over the period 2003-2012 -equal quantiles-. IPRs by Italian macro-regions from 2003- 
2012, where the 2003 = 100. (a) patent applications per 1000 inhabitants; (b) trademark applications 
per 1000 inhabitants; (c) design applications per 1000 inhabitants. 

2The micro-data dataset on migration was obtained after a specific request to ISTAT, in compliance with legislation on 
statistical confidentiality and personal data protection.
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We classified migrants into two categories according to their educational level: (i) 
medium-to high-skilled migrants or those with upper-secondary education or higher and 
(ii) low-skilled migrants, or those with less than upper secondary education. We opted 
for these two categories to align our approach to Bratti and Conti (2018) and to ensure 
that the chosen categories are reasonably populated.

Figure 1b shows the evolution of migration by skills. Foreigners in Italy have, on 
average, lower levels of education (Ministry of Internal Affairs 2007). As such, the average 
share of low-skilled international migrants is about 60% as opposed to 53% for internal 
flows (see Appendix A.3). Internal migration flows have generally been larger than 
international flows (see Figure 1b) and while international migration has been decreasing 
over the years, irrespective of skill level, the number of medium- to high-skilled internal 
migrants has increased.

The maps in Figure 3 illustrate the provincial distribution of medium-to high-skilled 
versus low-skilled international and internal migrants. While Italy’s Northern and 
Central regions are the preferred destinations for all internal migrants, the picture is 
less clear for international migrants (Appendix A.4). In fact, international low-skilled 
migrants are mostly concentrated in the South and North-East, while international 
medium- to high-skilled migrants are distributed across the whole of Italy.

3.3. Model specification

To estimate the contribution of migrants on innovation, we rely on a knowledge produc
tion functions (KPF) estimation. KPF was first used at the firm level by Griliches (1979) 
and Jerry, Hall, and Griliches (1984) which was then extended by Jaffe (1986; 1989) to the 
territorial level. It is now customary in regional innovation studies (Bosetti, Cattaneo, 
and Verdolini 2015; Bratti and Conti 2018; Gagliardi 2015; Miguélez and Moreno 2012, 
and others).

Using KPF, we assessed the impact of skill-specific migration inflows on the probability of 
host provinces to innovate, by estimating the following equation for each of the three IPRs: 

IPRjt ¼ β0 þ δt þ δj þ β1miginter medhigh
jt� 1 þ β2miginter low

jt� 1 þ β3migintra medhigh
jt� 1

þ β4migintra low
jt� 1 þ β5rdjt� 1 þ β6graduatesj2002 þ βnXnj þ μjt (1) 

where j = 1,2, . . . ,103 indicates the destination province (NUTS3) and t = 2003, 2004, . . . , 
2012 represents the year. The output variables, one for each IPR, are the natural 
logarithm3 of the innovation indicators (IPRs relative to population, per thousand 
inhabitants). migjt� 1 is our variable of interest which measures the inflow of migration: 
we distinguish by type and skill level where miginter medhigh

jt� 1 and miginter low
jt� 1 stand for 

medium- and high-skilled and low-skilled international migrants, while migintra medhigh
jt� 1 

and migintra low
jt� 1 stand for medium- and high-skilled and low-skilled intranational 

migrants (i.e. internal). All migration variables are lagged one year and per thousand 
inhabitants.

3To retain the zeros, we followed a quite common procedure used by Bratti and Conti (2018) and added 0.001 before 
taking the logarithm.
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We also include as inputs: rdjt� 1, the lagged intramural expenditures in total R&D, 
both public and private, as a percentage of GDP, and graduatesj2002 as the share of 
university graduates over the working-age population as a proxy for human capital. 
Finally, Xnj is a vector of additional n = 1.N control variables, and μi;t is the error term.   

(a) International Medium-High-skilled (b) International Low-skilled 

(c) Internal Medium-High-skilled (d) Internal Low-skilled 

Figure 3. International and internal migration by skill at provincial level in Italy. Notes: The data 
correspond to averages over the period 2003-2012 -equal quantiles-. (a) medium- and high-skilled 
international migrants per 1000 inhabitants; (b) low-skilled international migrants per 1000 inhabi
tants; (c) medium- and high-skilled internal migrants per 1000 inhabitants; (d) low-skilled internal 
migrants per 1000 inhabitants. 
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The regression includes time dummies and region-specific (NUTS2)4 fixed effects 
(δt þ δj). Table 1 provides a description of all variables (correlation matrix plotted in 
Appendix A.5).

The set of control variables accounts for factors expected to be positively related to 
innovation. These include the logarithm of population to measure the size of the 
province, fixed at one year prior to the estimation to ensure that the variable is not 
affected by migration flows during the period under analysis (Hunt and Gauthier-Loiselle 
2010; Bratti and Conti 2018). Since more internationally-oriented regions should make 
more use of IPRs (Mendonça, Santos Pereira, and Mira Godinho 2004), we also control 
for the degree of openness of a province (open), computed as the sum of import and 
export in Euros over GDP (Andrea, Docquier, and Squicciarini 2016; Di Berardino et al. 
2019).

We further control for the spatial agglomeration of industries by including the degree 
of district intensity of provinces (i-district) (Di Berardino et al. 2016) as the share of 
employees in industries that belong to an industrial district (ID) over the industry total 
employment. This variable is important as there is evidence in Italy that firms within 
industrial districts innovate more (see Muscio 2006; Cainelli and De Liso 2005; Capasso, 
Morrison, and Williams 2013).

The overall regional industrial structure also matters, since the degree and type of 
innovation differ across industries (Klevorick et al. 1995). We follow Niebuhr (2010) and 
include the ratio of manufacturing (lagged) to service employment (sectoral). We then 
include a control on the firm-size composition (the share of manufacturing employees in 
SMEs and large firms over total employment). Finally, we also control the composition 
by technological intensity, distinguishing economic activities according to the Eurostat 
2-digit sectoral classification of High-tech manufacturing industry (the share of employ
ees on high-tech, medium high-tech, medium low-tech and low-tech) and Knowledge- 
Intensive service (the share of employees on KIS and less knowledge-intensive services or 
LKIS).

3.4. Instrumental variables

Since the decision whether and where to move is often based on expectations regarding 
growth prospects (Gagliardi 2015; Shen and Liu 2016), the use of an instrumental 
variable (IV) is necessary to control for exogenous sources of variation in the local 
supply of the destination regions (Fratesi and Percoco 2014; Niebuhr 2010). 
Methodologically, the potential endogeneity bias is a challenge. In some provinces, the 
correlation between migration and innovation may not occur as result of ‘genuine 
causality,’ but rather as a mere implication of settlement patterns (Gagliardi 2015). 
Moreover, there might be self-selection and reverse causality. In fact, Kazakis (2019) 
shows that more productive and innovative regions in the United States are more likely 
to attract human capital, and at the same time, regions that attract more human capital 

4Since we have a short time interval (δtÞand differences in migration flows between provinces are quite persistent, NUTS3 
fixed effects could not be included. This problem was also emphasised by Niebuhr (2010). We opt for using fixed NUTS2 

δj
� �

effects, capturing regional differences, instead of provincial ones (Bratti and Conti 2018; Bratti, De Benedictis, and 
Santoni 2014; Wagner, Head, and Ries 2002). Bratti and Conti (2018) considered this intermediate approach to be 
particularly effective for the case of Italy.
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tend to be more innovative and exhibit higher levels of productivity. To address this 
issue, we follow the strategy used by several other scholars (e.g. Gagliardi 2015; Bratti and 
Conti 2018) of including fixed effects (as in equation [1]) and instrumental variables 
(two-stage least squares 2SLS) to address endogeneity.

The source of endogeneity of the migration variables is the adjustment in the local 
labour markets to migration flows (Fratesi and Percoco 2014), which in turn induces 
economic growth and increased productivity because of the development of new knowl
edge and innovation (in our case regional IPRs). To build our instruments, we used 
a variant of Card (2001). The approach is based on the idea that migration is path 
dependent and thus the initial share of migrants can be used as a predictor for subsequent 
inflows. The work by Card has been used extensively in the literature to measure the 
effect of international migration (e.g. Hunt and Gauthier-Loiselle 2010; Kerr and Lincoln 
2010; Ortega and Peri 2014), but less so for internal migration, with the exception of 
Fratesi and Percoco (2014) who constructed a similar instrument to measure the effect of 
interregional migration on regional growth in Italy.

Hence, our ‘predicted’ stock of international migrants by skill s, in province j 
and year t is: 

ivMiginter;s
jt ¼ σinter;s

2002
Miginter;s

t

popjt
where σinter;s

2002 ¼
Miginter;s

j2002

Miginter;s
2002

(2) 

where Miginter;s
t is the total number of international migrants with skill s (medium- and 

high or low) moving to Italy at time t; popjt is the population of the destination province 
j at time; and σinter;s

2002 is the share of international migrants with skill s that moved to 
province j over the total number of international migrants with skill s moving to Italy in 
2002, a year preceding the estimation period.

Similarly, the ‘predicted’ stock of internal migrants by skill s, in province j and year t is: 

ivMigintra;s
jt ¼ σintra;s

2002
Migintra;s

t

popjt
whereσ intra;s

2002 ¼
Migintra;s

j2002

Migintra;s
2002

(3) 

Considering the effects by migrant type as well as skill level has the potential advantage of 
capturing differences in settlement patterns. There is a geographical variation in the 
destination of international and internal migration, as we saw in the analysis of flows in 
Section 3.2; employment expectations between foreign and Italian employees might also 
be different. In fact, the occupations where foreign workers operate are concentrated 
within a limited number of economic activities.5 The correlation between the initial 
fractions of migrants and the subsequent inflow at the provincial level confirms the 
‘predicted’ effect.6

Admittedly, the instruments might not be fully exogenous, as migrants – especially 
interregional migrants – might have partly decided their location based on unobserved 
variables that are correlated with innovation. For relevance, reliable instruments need to 
be correlated with the regressors, while also being orthogonal to the error term for 

5Foreign workers, mainly operating in industry (particularly construction), the accommodation sector and family services, 
have an altogether modest presence in sectors in which Italians are widely employed such as: IT, research and 
development, and business services (1st Report on Immigrants in Italy, 2007).

6The pairwise correlations between the instruments and the migrations are above 0.83.
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validity (Orefice 2010). The F-stat of joint significance of the instruments in the first stage 
regression shows that our instruments are indeed not weak, and are therefore relevant. 
The results are reported in Appendix A.7, where a series of other alternative tests are 
presented (Cragg-Donald Wald F statistic, Kleinberg-Paap rk Wald F statistic and Stock 
and Yogo critical values).7 As for validity, we cannot directly use the overidentification 
restrictions (Hansen J test) because the equations are exactly identified. To provide 
a formal test, we relied on the added surely orthogonal instruments, as done in Orefice 
(2010) (see Appendix A.8). In the Hansen robustness check test, the null hypothesis of 
exogeneity of the instruments could not be rejected, so we conclude that our instruments 
are valid.

4. Estimation results

4.1. Main models

We first estimated equation (1) for each IPR with OLS (Appendix A.6) and then with 
2SLS (Table 2). The OLS results show a similar effect of migration on both patents and 
designs, where larger internal migration flows of individuals with medium to high skills 
are positively correlated with both IPRs, while low-skilled negatively so. As for trade
marks, international migration is positively associated, but only if migrants have at least 
upper-secondary education. Nevertheless, the endogeneity test8 (see Appendix A.6) 
provides sufficient evidence to reject the null hypothesis of exogeneity of our regressor 
(Baum, Schaffer, and Stillman 2016), indicating that OLS is not consistent.

The 2SLS estimates for patents are displayed in Table 2 (columns 1a-c). Results 
show that provinces with a higher ability to attract skilled migrants from other Italian 
provinces have the best performance in terms of applications (significant at 1%). 
Instead, low-skilled internal migration is significantly negatively associated with pro
vincial patenting. This result is in line with the mechanisms suggested by the theory: 
low-skilled migration reduces incentives for technological invention. On the other 
side, the inflows of medium- to high-skilled international migrants correlate with 
patent applications (at 5%), but negatively so. This result sheds new light on the 
consequences of knowledge and skill complementarities between both types of migra
tion on the local economy. Although the negative implications of medium- to high- 
skilled migration are less obvious than the positive, our study is not the first to find 
such evidence (Behrens and Sato 2011; Alessandra, Rajbhandari, and Dotzel 2017; 
Schlitte 2012). The negative relation can be explained with the lower barriers that 
intra-national migrants face when moving to a new destination inside the same 
country of residence (Holmes et al. 2000; Di Berardino et al. 2019). Cultural back
ground differences might stand in the way of absorbing international migrants’ 

7The Cragg-Donald F statistic (and its robust analog, i.e. rk Wald statistic) is compared to tabulated Stock and Yogo (2005) 
critical values.

8For the models explaining design intensity, endogeneity tests fail to reject the null hypothesis. Demko (2012) pointed 
out that, even in the case of strong instruments, weak correlations between the instrument and the error term are not 
always rejected. To cope with this, we also provide estimations using a Limited Information Maximum Likelihood 
estimator (or LIML) for designs. LIML estimation is more reliable than the IV estimator when instruments are many or 
weak in correlations with the error term (Bascle 2008; Murray 2017). The LIML model confirms the results obtained with 
the 2SLS (see Appendix A.9).
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knowledge and skills (Bosetti, Cattaneo, and Verdolini 2015; Niebuhr 2010; 
Østergaard, Timmermans, and Kristinsson 2011). In the Italian context, there is also 
evidence that because the educational qualifications of foreign migrants is often not 
recognised, they are confined to low-skilled jobs (Bonifazi 2007; Ministry of Internal 
Affairs 2007; Reyneri, Garzón, and Cachón 2006).

The control variables results are mostly in line with previous literature. Patent activity 
is positively correlated with R&D expenditures and a higher endowment of university 
graduates. Larger provinces patent more, and their degree of trade openness also matters. 
The regional specialisation in manufacturing and the presence of large firms in the 
regional economic landscape are also positively associated with patenting, as 
a dominance of medium- and high-tech and low-tech industries.

As for trademarks (Table 2, columns 2a-c), the results paint a picture where only 
internal inflows of medium- and high-skilled migrants positively influence the perfor
mance of trademarks, while low-skilled migrants are insignificant. Among the control 
variables, the intensity of applications is positively associated with population size and 
R&D expenditures. This might seem counterintuitive, but R&D-intensive firms can 
leverage trademarks in the downstream phase of the innovation process (Flikkema, De 
Man, and Castaldi 2014). The degree of openness of the local economy is not significant, 
a result somewhat surprising as internationally-oriented firms should, in principle, make 
more use of trademarks (Mendonça, Santos Pereira, and Mira Godinho 2004). Regional 
specialisation appears statistically significant (column 2a) with a positive association with 
both large and small and medium manufacturing firms (column 2b). Specifically, pro
vinces with a stronger presence of low-tech industries (column 2c) have higher trade
mark intensities, which is in line with Millot (2009). Not surprisingly, the industrial 
district variable also shows a positive association, since industrial districts in Italy are 
predominantly characterised by traditional low-tech activities such as textiles, fashion, 
leather and related products.

Finally, the results on designs (Table 2, columns 3a-c) show an effect for internal 
migration in line with those of patents, in which larger inflows of individuals with 
medium-high (low) skills positively (negatively) correlated with design intensity. 
Among the controls, population size and the regional specialisation in manufacturing 
are positively and significantly associated with design intensity. The size of firms matters, 
and provinces with a large share of SME industries show higher intensity in the use of 
design rights, in line with Jensen and Webster’s (2006) finding that SMEs make more use 
of design rights. There are also statistically significant differences in design applications 
between provinces specialised in sectors of different technological intensity. In particular, 
provinces with a higher share of employees in medium-low-tech and low-tech industries 
(column 3c) have higher design intensities. The share of KIS is negatively associated with 
designs, even though only at a 10% significance level. This is at odds with the evidence 
that these services are users of design rights (Kitching and Blackburn 1998; Jensen and 
Webster 2006), but might also have to do with the limited degree of maturity of KIS in the 
Italian case, as compared to other European countries (Di Berardino and Onesti 2020).

While the 2SLS estimations tend to confirm OLS, the coefficients are larger in 
magnitude (see Table 2 and Appendix A.6). We can assume that our IV model is 
correcting for some unobserved variables that are negatively correlated with our obser
vables (migration flows) and the outcome variable (innovation). For example, 

INDUSTRY AND INNOVATION 351



unobserved regional policies could influence migration decisions (e.g. Bertocchi and 
Strozzi 2008; Nifo and Vecchione 2014) and foster regional innovation (e.g. D’Ingiullo 
and Evangelista 2020; Rodriguez-Pose and Di Cataldo 2015). This might lead to under
estimated coefficients in a simpler OLS model.

The IV estimations are robust to a number of robustness checks (see Appendix A.7). 
The F-statistics are always significant (p-val. 0.000) and well above the threshold value of 
10. The Kleinberg-Paap rk Wald F-statistic also appears above all critical values of Stock 
and Yogo (2005), proving our instruments are strong.

4.2. Territorial decomposition

The aggregated picture may hide divergent paths of the different macro-areas. Existing 
literature shows how the role of migration may vary between regions with substantial 
socio-economic and institutional differences (Quatraro 2009a; Fratesi and Percoco 2014; 
Rodriguez-Pose and Di Cataldo 2015). The high territorial heterogeneity of Italy, with 
highly dynamic as well as economically lagging regions, led us to investigate the effects of 
migration on innovation by grouping the provinces into two geographical macro-areas: 
North and Central-South. It is important to note that the macro-territorial analysis is 
conducted by distinguishing the Central-South from the North to avoid emphasising 
cases where the absolute values of innovation and migration are very low.

The results of the 2SLS regressions for the two macro-areas are presented in Table 3. 
For patents, the positive association of medium- and high-skilled internal migrants is in 
line with the aggregate results for both macro-areas. While the negative effects of 
migrants (low and medium- to high-skilled, both internal and international), are limited 
to the Central and Southern provinces. As for trademarks, the models for Central-South 
explain very well the differences in the intensities across provinces; this result is some
what expected considering the increase in applications (see b, Appendix A.2). The results 
for design reveal a significant relationship between all types of migration, but is limited to 
the Northern provinces. This suggests an early use by companies in Northern regions, 
that already used other intellectual property such as patents and trademarks (see 
Appendix A.1).

4.3. Summary of key results

Our significant results are summarised in Table 4 where each column corresponds to the 
final models (column c of Table 2) and standardised coefficient estimates are bracketed. 
Standardised coefficients allow the comparison of effect sizes; we take the exponential 
value given that our dependent variables are in log. Each estimated value can be inter
preted as the increase or decrease in the respective IPR intensity associated with a one 
standard deviation increase of the different types of migration. For example: a one 
standard deviation increase in medium- and high-skilled internal migration comes 
with a 19.5% increase in trademark intensity at the province level.9

9For medium- and high-skilled international migration it’s safe to said that one standard deviation comes with 19.3% 
decrease in patent intensity.
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The table clearly shows that, for our sample, internal migration – as opposed to 
international – is mostly related to innovation. When comparing the coefficients of the 
relations for internal migration, the positive association of medium and high-skilled 
migration with all three innovation proxies is stronger than the negative association of 
low-skilled migration. The latter is only found for patent and design intensity, while 
trademark intensity it is not significant. As these results have implications for research 
and policy, we discuss each in the final section.

Table 3. Macro-territorial estimations.
North Centre-South

(1a) (1b) (1c) (2a) (2b) (2c)

Patent
miginter_medhigh −0.132 0.598 0.469 −2.656* −2.493 −2.080*

[0.511] [0.666] [0.716] [1.595] [1.617] [1.458]
miginter_low −0.489 −0.949** −0.645 0.763 0.645 0.542

[0.375] [0.430] [0.479] [0.527] [0.546] [0.493]
migintra_medhigh 0.141*** 0.094*** 0.137*** 0.366*** 0.322*** 0.386***

[0.033] [0.036] [0.033] [0.129] [0.111] [0.118]
migintra_low −0.045* 0.001 −0.036 −0.215*** −0.210*** −0.250***

[0.024] [0.027] [0.023] [0.068] [0.063] [0.063]
Trademark
miginter_medhigh 1.324* 2.061** 1.427 −3.903* −1.159 −3.695*

[0.751] [1.049] [1.111] [2.327] [2.303] [2.116]
miginter_low 0.389 −0.096 0.294 1.300 0.414 1.210

[0.540] [0.627] [0.765] [0.791] [0.795] [0.737]
migintra_medhigh 0.086* 0.088 0.107** 0.687*** 0.485*** 0.658***

[0.052] [0.054] [0.050] [0.164] [0.145] [0.166]
migintra_low 0.013 0.036 0.027 −0.361*** −0.268*** −0.316***

[0.039] [0.041] [0.037] [0.097] [0.086] [0.093]
Design
miginter_medhigh −6.296*** −4.753*** −5.639*** −2.470 −0.121 −3.639

[1.332] [1.639] [1.726] [2.115] [2.197] [2.013]
miginter_low 5.168*** 4.582*** 4.946*** 0.514 −0.283 0.876

[0.939] [1.075] [1.189] [0.716] [0.768] [0.702]
migintra_medhigh 0.560*** 0.463*** 0.522*** 0.272* 0.004 0.204

[0.072] [0.076] [0.068] [0.149] [0.142] [0.142]
migintra_low −0.173*** −0.142** −0.123** −0.213*** −0.102 −0.118

[0.052] [0.057] [0.050] [0.082] [0.080] [0.079]
Observations 460 460 460 570 570 570

Notes: The dependent variable is the log of patent, trademark and design applications per 1000 inhabitants at province 
level (NUTS-3) for Italy, 2003–2012. The full models are displayed in the Appendix A.10–12. See Table 1 for variables 
definition. All models include year and region NUTS2 fixed effects. Standard errors are in bracket and robust to 
heteroskedasticity. Statistically significant a: * p < 0.1, ** p < 0.05, *** p < 0.01.

Table 4. Summary of key relationships between migration and innovation proxies.
Patent intensity Trademark intensity Design intensity

(1c) (2c) (3c)

miginter_medhigh negative** [0.193]
miginter_low

migintra_medhigh positive*** [1.218] positive*** [1.195] positive*** [1.348]
migintra_low negative*** [0.924] negative** [0.924]

Notes: The numbers in brackets are the exponential values of the standardised coefficients from the full 
models, i.e. columns [c] of Table 2. Statistically significant a: * p < 0.1, ** p < 0.05, *** p < 0.01.
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5. Conclusions

This paper closely examined the potential effect of migration on regional innovation in 
Italy. Our specific aim was to shed new light on the relationship between skill-specific 
international and internal migration flows and regional innovation, by capturing broader 
indicators than just patents.

The empirical analysis was carried out at the Italian province level (NUTS3), using an 
IV-2SLS approach on a 2003–2012 dataset. The first study to consider both international 
and internal migration flows, our results allowed us to empirically assess which migration 
types matter for innovation.

Our study has four key results. First, Italian provinces with a greater share of medium- 
and high-skilled migrants has a higher intensity of all three IPRs used as innovation 
metrics. In contrast, low-skilled migration has a negative relationship with innovation. 
This general result aligns with the literature and provides fresh evidence for the idea that 
medium- and high-skilled migration can be a valuable source of knowledge and talent, 
with effects stretching to different types of innovation and different sectors. Second, and 
contrary to the results of internal migration, international migration is only significantly – 
and negatively – associated with patents. Third, the suite of innovation metrics needs to 
be broadened so the nuanced relationship between migration and innovation can be 
captured. Finally, and as we expected given the historical territorial dualism of Italy and 
the geographical concentration of innovation activity, we found the relation of internal 
migration and innovation to be different by macro-area.

By providing a more detailed picture of the relationship between migration and 
innovation, our study can help policy makers develop and monitor their migration 
policies to foster local innovation. This can be particularly important in countries such 
as Italy characterised by a territorial dualism. The Italian innovation gap also appeared 
strong when using non-patent metrics; this insight might also help to devise ‘distributed 
development’ policies (Iammarino, Rodriguez-Pose, and Storper 2019) that are sensitive 
to the quality of local specialisations. Our empirical approach can additionally help to 
assess regional migration policy strategies, given the availability of the three IPRs in the 
European Regional Innovation Scoreboard (RIS) and the regionalised trademark and 
design data now being made available from the European Office for Intellectual Property 
(EUIPO).

Although this study represents a step forward in the migration and innovation 
literature, it has some limitations. However, these limitations also represent opportu
nities for further research. First, the same analysis could be repeated using firm-level data 
instead of aggregated provincial data. This could validate our measures and results by 
comparing them to primary data collected by way of firm surveys, shedding light on the 
suggested mechanisms behind aggregate relations and for instance, on whether migra
tion really increases knowledge diversity. At the same time, firm-level data would also 
account for firm size and could thus better capture the differences in IPR use.

Second, and from an econometric point of view, the instrumental strategy could be 
further improved with the identification of new variables correlated with migration (both 
international and internal). Also, future research could strengthen the empirical strategy 
to capture migrant skill composition to possibly add novel elements, including a gender 
composition.
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Third, we have treated the three IPRs as separate indicators, yet one could also 
combine them, as they have high degrees of complementarity (Grazzi, Piccardo, and 
Vergari 2020; EUIPO 2020). Additionally, one could try to account for the fact that IPRs 
are highly heterogenous in value, with some patents or trademarks representing innova
tion with a much stronger economic impact. For patents, several indicators of value exist 
(Kyle, de Rassenfosse, and Jaffe 2021) and have been leveraged at the regional level as well 
(Castaldi, Frenken, and Los 2015; Miguelez and Moreno 2018). Trademark value indi
cators also exist (Nasirov 2020) but have hardly been used in regional empirical research, 
while no proxy for the value of design rights exists. This could be developed, starting 
from those, for trademarks.

Finally, despite the usefulness of combining international and internal migration data, 
the Italian context is one in which international migration is much smaller in size. As 
such, our estimations could be replicated for countries that have experienced a different 
weight of the two migration flows. Still, our main message for scholars and policymakers 
would remain the same: to understand the relationship between migration and innova
tion, it is worthwhile to consider both international and internal migration flows.
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