GREThA and LAREFI joint Working Paper series

Keywords: patents, publications, agglomeration, internationalization, migration JEL: O30, F20, F60

In this chapter we look at the global network of innovative agglomerations, with a focus on their degree of internationalization and on the actors behind it -particularly high-skilled migrants. Using worldwide patent and publication geo-localized data, we identify all Global Hotspots of Innovation (GIHs) and Niche Clusters (NCs) worldwide, and study their success as a function of their international connections. In particular, we compare organizational ones, such as international collaborations orchestrated by multinational firms' collaborations, to personal ones, which may derive from migration to/from the GIHs and NCs. We find a strong role of the latter, always comparable and sometimes larger than the former.

Introduction 1

The decade running from the Great Recession of 2008-09 to the Covid-19 pandemic has been marked by public discourse on the end of globalization, or at least of its "second golden age" [START_REF] James | The end of globalization: lessons from the Great Depression[END_REF][START_REF] Rugman | The end of globalization[END_REF]. Innovation-wise, this age has not yet come to the end.

It started in the 1990s and has spanned over the three decades, during which the number of countries involved in the production of knowledge has increased incessantly.

The globalization of innovation, however, has not gone hand in hand with a geographical dispersion of innovative activities within countries [START_REF] Crescenzi | The geography of innovation and development: global spread and local hotspots[END_REF]. Instead, in both incumbent and entrant countries a limited number of locations have grown disproportionately and come to dominate the respective national systems of innovation. In some of these locations, innovation also has internationalized, thanks mostly to the unbundling and relocation of R&D activities by multinational companies (MNCs) [START_REF] Awate | Accessing vs sourcing knowledge: A comparative study of R&D internationalization between emerging and advanced economy firms[END_REF].

Last but not least, the globalization of innovation has coincided with the rapid growth of the international migration of highly skilled people, especially those with education and/or jobs in Science, Technology, Engineering or Mathematics (STEM) [START_REF] Kerr | Global Talent Flows[END_REF]. Compared to other aspects of globalization, STEM migration has been less studied, although some evidence indicates that its contribution to both the agglomeration and the internationalization of innovative activities is not negligible [START_REF] Crown | Foreign-Born graduates and innovation: Evidence from an Australian skilled visa program[END_REF][START_REF] Marino | Ties that bind: Ethnic inventors in multinational enterprises' knowledge integration and exploitation[END_REF].

Migrants' preference for thick labor markets pushes those with STEM qualifications towards the most important innovation clusters, thus reinforcing their gravitational pull. But to the extent that migrants in different locations are bounded by social ties that resist physical distance, they can also strengthen the links between such locations, thus easing the flow of goods and services, capital, and knowledge. Yet, these links are missing from most analyses. With this chapter, we aim to put them at center-stage.

In particular, we propose to measure the extent to which different agglomerations of innovative activity worldwide are both internationalized and invested by STEM migration, and how much their performance gain from it.

We proceed as follows. First, we briefly recall the key findings of the literature on innovative agglomerations and their global connections, and in particular those that speak in favor of a special role for personal connections involving STEM migrants (section 2). Second, we present our data sources and methodology and, based on this, we both produce a map of innovative clusters worldwide and draw a first picture of their involvement in international migration, international collaborations, or the presence of foreign MNCs (section 3). Third, we run a series of regressions to explore to what extent the success of specific clusters owes to such involvement (section 4). Section 5 concludes.

Migration and personal connections across clusters

The benefits of agglomeration for knowledge-based interactions and exchanges are widely acknowledged in the literature [START_REF] Castellani | The changing geography of innovation and the multinational enterprise[END_REF]. Both cities and regional clusters generate the "local buzz" leading to further concentration of innovation activities [START_REF] Storper | Buzz: face-to-face contact and the urban economy[END_REF]. At the same time, such activities once concentrated in the MNCs' home countries and closely guarded inside them, have been increasingly trusted to foreign-located labs and/or undertaken as part of international collaborations [START_REF] Von Zedtwitz | Market versus technology drive in R&D internationalization: four different patterns of managing research and development[END_REF][START_REF] Hall | The internationalization of R&D[END_REF]. When knowledge is not available locally, MNCs can now easily tap into distant global centers of excellence to access the resources they need [START_REF] Berman | The global connectivity of regional innovation systems in Italy: a core-periphery perspective[END_REF].

When it comes to scientific activities, universities and public research organizations worldwide also undertake collaborative initiatives. As a result, many national innovation centers are now connected via the organizational channels put in place by the MNCs and other global players.

Such channels, or "global pipelines", do not simply allow external knowledge to flow in and out the innovative agglomerations, but play a special role in breeding their success, by limiting knowledge inbreeding and the danger of technological 'lock-ins' [START_REF] Bathelt | Clusters and knowledge: local buzz, global pipelines and the process of knowledge creation[END_REF][START_REF] Maskell | Building global knowledge pipelines: The role of temporary clusters[END_REF], Scholarly work on global pipelines has documented in depth their importance for local innovative success [START_REF] Cantwell | Physical attraction and the geography of knowledge sourcing in multinational enterprises[END_REF][START_REF] Lorenzen | Clusters, Connectivity and Catch-up: Bollywood and Bangalore in the Global Economy[END_REF][START_REF] Turkina | Structure and evolution of global cluster networks: evidence from the aerospace industry[END_REF][START_REF] Castellani | The changing geography of innovation and the multinational enterprise[END_REF][START_REF] Turkina | Global connectedness and local innovation in industrial clusters[END_REF][START_REF] Castellani | Connectivity and the Location of MNEs Across the Value Chain. Evidence from US Metropolitan Areas[END_REF]. The present book largely contributes to this topic too (Belderbos et al.; Cantwell and Marra; Phene and Santangelo; Nieto and Rodriguez).

Yet, global pipelines are not the only type of links between innovation centers worldwide. In fact, personal ties matter, too, whether strong, such as kinship or personal friendship, or weak, such as relationships loosely based on common educational background or cultural traits [START_REF] Lorenzen | Clusters, Connectivity and Catch-up: Bollywood and Bangalore in the Global Economy[END_REF]. But the extent at which personal relationships contribute to knowledge globalization and the success of specific clusters has yet to be assessed, both in absolute terms and relative to global pipelines.

Conceptually, one should first and foremost define the mechanisms that allow residents in innovative agglomerations, and in particular STEM workers, to have relevant personal relations abroad. We suggest that international migration is an obvious candidate, for reasons that have to do with migrants' spatial mobility and the creation of international social networks that come with it, as well as with their importance for innovation activities.

International migrants represent today over 3% of the worldwide population, this share having grown incessantly since the 1970s [START_REF] Ferrie | Two Centuries of International Migration[END_REF]. If one could count also the number of persons now living in their home country, but with a migratory experience (whether as students or workers), the figure would be much higher.

Migrants' family and friendship ties both span across national boundaries and may be particularly dense in specific locations abroad and/or in the country of origin, due to chain migration and path dependency [START_REF] Boyd | Family and personal networks in international migration: recent developments and new agendas[END_REF][START_REF] Castles | Migration and community formation under conditions of globalization[END_REF]. An emerging literature explores the way these ties sustain international flows of goods and services [START_REF] Rauch | Ethnic Chinese Networks In International Trade[END_REF][START_REF] Combes | The trade-creating effects of business and social networks: evidence from France[END_REF][START_REF] Iranzo | Migration and trade: Theory with an application to the Eastern-Western European integration[END_REF]. Strong evidence suggests that migrants increase the intensive margins of trade, which implies that their cross-border social networks diffuse otherwise unavailable or costly information assets on the price, quality, and location of the traded items.

Migration rates for the tertiary educated are both higher than for the rest of the population and increase with further education [START_REF] Artuc | A Global Assessment of Human Capital Mobility: The Role of Non-OECD Destinations[END_REF]. This is especially true when it comes to STEM qualifications [START_REF] Freeman | Globalization of scientific and engineering talent: international mobility of students, workers, and ideas and the world economy[END_REF][START_REF] Kerr | Global Talent Flows[END_REF]. Far from moving exclusively along a South-North or East-West axis, migrant scientists and engineers circulate widely also between advanced economies [START_REF] Auriol | Careers of doctorate holders: employment and mobility patterns[END_REF][START_REF] Franzoni | Foreign-Born Scientists: Mobility Patterns for 16 Countries[END_REF]. MNCs are among their top employers and they further contribute to migration when they dispatch their staff around the world to follow foreign operations [START_REF] Kerr | The gift of global talent: How migration shapes business, economy & society[END_REF][START_REF] Choudhury | Intra-firm Geographic Mobility: Value Creation Mechanisms and Future Research Directions[END_REF]. Top universities worldwide also attract international students. Whether they eventually return to their home countries, or stay and enter the local labor market or entrepreneurial scene (or move forward to other destinations), migrants contribute to extend and densify the global web of personal connections. Some recent research suggests that STEM workers' family and friendship ties are most likely to supplement or intermingle with educational or professional ones. Family-wise, some studies suggest that inventors' parents are on average wealthier and more educated than the national average, often hold a technical degree, and raised their families within innovation hubs, where they acquire social capital [START_REF] Aghion | On the returns to invention within firms: Evidence from Finland[END_REF][START_REF] Bell | Who becomes an inventor in America? The importance of exposure to innovation[END_REF]. Profession-wise, networks of scientific authors and inventors have been extensively studied and found to exhibit distinctive "small world" properties [START_REF] Uzzi | Small-world networks and management science research: A review[END_REF]. Geographically, these properties are reflected in the double role that such networks play in keeping knowledge flows highly localized (to the extent that most career moves occurs locally), while at the same time allowing physically distant nodes to access local knowledge resources [START_REF] Almeida | Localization of knowledge and the mobility of engineers in regional networks[END_REF][START_REF] Agrawal | Gone but not forgotten: knowledge flows, labor mobility, and enduring social relationships[END_REF][START_REF] Breschi | Mobility of skilled workers and co-invention networks: an anatomy of localized knowledge flows[END_REF][START_REF] Miguelez | Research networks and inventors' mobility as drivers of innovation: evidence from Europe[END_REF]. More specifically, migrants' connections are found to play a role both inside the migrants' destination countries and between countries of destination and origin [START_REF] Agrawal | How do spatial and social proximity influence knowledge flows? Evidence from patent data[END_REF][START_REF] Kerr | Ethnic scientific communities and international technology diffusion[END_REF][START_REF] Agrawal | Brain drain or brain bank? The impact of skilled emigration on poor-country innovation[END_REF][START_REF] Breschi | Foreign-origin inventors in the USA: testing for diaspora and brain gain effects[END_REF][START_REF] Bahar | Migrant inventors and the technological advantage of nations[END_REF][START_REF] Fackler | Knowledge remittances: Does emigration foster innovation?[END_REF][START_REF] Miguelez | Inventor migration and knowledge flows: A two-way communication channel?[END_REF].

Summing up, an increasingly abundant literature suggest STEM international migrants have the potential both to contribute to the agglomeration of innovative activities, to forge ties between specific locations, and to sustain their success. In what follows we put this intuition to test.

Agglomeration, migration, and internationalization

We use patent data for measuring both agglomeration and internationalization and, more originally, migration. While not uncommon, this data choice is often limited to the most important patent archives, namely those of the United States Patent and Trademark Office (USPTO) or the European Patent Office (EPO). These have the advantage of both being well organized and easily accessible, and to cover the most important technology markets. However, the rise of other important patent offices in emerging countries (e.g., South Korea and China), makes this choice increasingly biased, especially when it comes to measuring the intensity of patenting activity at the local level, as we wish to do. Hence, we consider all the patent offices covered by PatStat (Worldwide Patent Statistical Database;[START_REF] De Rassenfosse | An introduction to the Patstat database with example queries[END_REF][START_REF] Kang | PATSTAT revisited: Suggestions for better usage[END_REF], and in particular all the international patent families from 1976 to 2017.

Roughly speaking, an international patent family is a set of patent applications filed by the same applicant on the same invention, but in different countries. This definition includes the first filings in the applicant's home country and their international extensions [START_REF] Martinez | Insight into Different Types of Patent Families[END_REF].

By considering families, instead of individual patents, we avoid counting the same invention twice or more. By focusing on international ones, we also make sure to ignore the most trivial inventions, for which no foreign markets exist, and possibly no market at all. We follow the literature and assume that inventive activities take place close to the inventors' addresses, as reported on patent documents, which we transform into geographical coordinates (on patent geo-localization, see: [START_REF] Bergquist | Identifying and ranking the world's largest clusters of inventive activity[END_REF][START_REF] De Rassenfosse | Geocoding of worldwide patent data[END_REF][START_REF] Morrison | Disambiguation of patent inventors and assignees using high-resolution geolocation data[END_REF]. When the same patent document reports inventors from different areas, we count the patent as many times as the number of areas, rather than fractioning it. The peculiar characteristics of knowledge assets, namely their non-rivalry and indivisibility, supports this choice [START_REF] Tubiana | In knowledge we trust: learning-byinteracting and the productivity of inventors[END_REF].

When identifying knowledge agglomerations worldwide, we also make use of scientific publications data, from Web of Science (WoS), for the years 1998-2018 -details in [START_REF] Miguelez | Tied in: the Global Network of Local Innovation[END_REF].

3.1

Global Innovation Hotspots and Niche Clusters While both the economic and geographical literature stress the importance of agglomerations for innovative activities, their identification remains an open challenge, for at least two reasons.

First, the terminology varies, ranging from "tech clusters" (when wishing to stress their peculiarities vis-à-vis industrial clusters; [START_REF] Kerr | Tech clusters[END_REF] to "innovation hubs"

(where the emphasis is placed on cities and knowledge exchanges between them; [START_REF] Nijkamp | The "New Urban Europe": Global challenges and local responses in the urban century[END_REF] and also "hotspots", which is more neutral and used interchangeably with the former two. Other approaches, instead, identify "global cities" based on their population and economic activity, and then move on to quantify the innovation they produce (Belderbos et al., in this book;[START_REF] Castellani | The changing geography of innovation and the multinational enterprise[END_REF]. In this chapter, while using often -for brevity -the generic term of "cluster", we draw a distinction between "Global Innovation Hotspots" (GIHs) and "Niche

Clusters" (NCs) (full definitions below).

Second, every effort to map innovation agglomerations, especially at the international level, should not rely on fixed spatial boundaries, such as administrative or political units [START_REF] Carlino | Agglomeration and innovation[END_REF]. This practice suffers of both a "modifiable area unit problem" (the unit size may vary across countries, thus making quantitative comparisons impossible) and a "border effect" problem (the unit boundaries may either cut across a cross-border agglomeration, or -in case of large units include two distinct agglomerations). For these reasons, based on the coordinates we assigned to each patent and publication, we apply a DBSCAN clustering algorithm to identify a multitude of agglomerations worldwide. 2 This methodology maximizes internal density (reciprocal proximity of the activities in a cluster) and external distance (distance between clusters). We fully describe it, also with examples, in [START_REF] Miguelez | Tied in: the Global Network of Local Innovation[END_REF].

We first run our algorithm on the entire patent and publication dataset [Insert Figure 1 about here]

Migration

No official statistics exist on the international migration of STEM workers, especially at the local level. Following [START_REF] Kerr | Ethnic scientific communities and international technology diffusion[END_REF] and [START_REF] Breschi | Foreign-origin inventors in the USA: testing for diaspora and brain gain effects[END_REF] we produce our own statistics on migrant inventors. To do so, we exploit two pieces of information we find on patents, namely the name and surnames of inventors, and their addresses.

Immigrant inventors

We analyse names and surnames by means of the IBM's Global Name Recognition system (IBM-GNR). IBM-GNR couples each name or surname to all countries in which it appears, along with information on their frequencies within each country, expressed in percentiles. The raw information exploited by IBM-GNR comes from the US Immigration Authorities archives, which recorded names and nationality of all entrants in the country throughout 1990s. Such records allow establishing the diffusion of a name or surname both within each country and across all countries worldwide. For diffusion within a country, consider for example the name Rajiv, which IBM-GNR reports to be associated to India, Great Britain, Sri Lanka, the Netherlands and a few other countries. While very frequent within India (it belongs to the 90 th percentile of names, ranked according to their frequency), this name is not that frequent in Great Britain nor in Sri Lanka (where it belongs to the 50 th percentile only), and not frequent at all in the Netherlands (10 th percentile). Similar examples can be made for surnames, too.

This allows us to evaluate the frequency of each inventor's name and surname in the country where he/she resides (according to the address in the patent), and use it to assign him/her either a native or a migrant status. In particular, we classify as native each inventor whose name and/or surname belongs to the 90th frequency percentile in his/her country of residence.

Following with the previous example, we consider any Indian resident inventor named Rajivno matter the surname -as an Indian native. However, had an inventor named Rajiv both a common English surname (such as Smith) and a British address, he would be considered (also) a British native. Every resident who is not classified as native is classified as migrant. Hence, any Rajiv Smith with a Sri Lankan or Dutch address, or more generally living outside India or an English-speaking country, will be treated as a migrant.

For inventors whose name and/or surname are relative infrequent (that is which never reach the 90 th percentile in any country to which they are associated), we consider them as natives of the country with the highest frequency, as long as this coincides with the country of residence. For example, the Italian-resident inventor Rajiv Coda-Zabetta would be classified as an Italian native, because Coda-Zabetta is a rare surname in any country worldwide, but it is in Italy where it is most common.

While extremely transparent, our algorithm presents two main limitations, which create both false positives and false negatives (respectively: natives treated as migrants and vice versa).

First, it may classify as migrants the members of small, but longstanding ethnic or linguistic minorities. Following our example, this is very likely the case of Rajiv in Sri Lanka. Similarly, it confounds first-and second-generation migrants, as it may be case with many Rajiv (with Indian surnames) in Great Britain.

Second, it misses out migrants who move between countries with the same dominant language, for example British inventors in the US or German ones in Switzerland. Any Mark Cavendish from the Isle of Man filing a patent while in Boston will be classified as a US-native inventor, and -similarly -any Erik Zabel from Berlin and active in Basel will be considered Swiss.

Lesser limitations of our algorithm are as follows. First, a very limited number of inventors may be classified as natives of two or more countries. Second, as our dataset does not include a unique ID for inventors, our count of native and migrant inventors is actually a count of patent-inventor pairs, which could bias our proxies for migrants' presence, should they be systematically more or less prolific than natives (but the literature suggests this not the case; [START_REF] Hunt | Are Immigrants the Best and Brightest U.S. Engineers[END_REF].

Still, we consider our data reliable enough to both capture some general migration trends and evaluate the role of migrant inventors in most locations.

Figure 2 shows that the worldwide weight of migrant inventors has increased incessantly since the late 1980s (dashed line). The US is both the most important destination country, and the country with the highest inventor immigration rate in the figure. But the trend is similar in the UK and, at a lower level, for Germany. Some English-speaking countries such as Canada and Australia (see Appendix) have trends and levels comparable to those of the US. The same applies to small, R&D intensive European countries such as Switzerland and the Netherlands.

Japan, with negligible immigration rates, stand at the opposite end of the spectrum. In between, we find developing countries such as India and China. They start with very high immigration levels, which later on decline incessantly. Most likely, the trend inversion is due to the prevalent nature of STEM immigration in such countries, which mostly consists of foreign researchers working at local MNCs' branches. These weighed considerably on the inventor population when the indigenous innovative activity was limited, and much less thereafter. 4[Insert Figure 2 about here]

Generally speaking, the migration rates of inventors tend to be higher in GIHs and NCs than outside them (figure 3). While the share of migrant inventors remained stable and around 5% in both types of areas until mid-1990s, it started to growth thereafter, which translates in large differences at the end of the period (15% vs 8% in, respectively, clusters and non-cluster areas).

[Insert Figure 3 about here]

More importantly, there is considerable variation across locations. Figure 4 reports the immigration trends for the largest clusters in the top-patenting countries (plus India). These trends remind national ones, with Bengaluru, Seoul and Shenzhen following closely, respectively, the Indian, Korean and Chinese trends; and lines for San Jose -San Francisco, London and Frankfurt reminding of those for the US, UK and Germany. Levels, however, are different and especially for the latter cities, whose immigration rates are well above their national averages.

As for Tokyo, it exhibits steadily low migration rate levels.

[Insert Figure 4 about here]

Emigrant inventors

While identifying migrants in specific host countries is relatively straightforward, things get trickier when trying to assign them to specific countries of origin. Still, this exercise would be particularly useful if we were to assess how countries, and clusters therein, benefit not only from immigration, but also from emigration, as discussed in section 2. In this sense, we will often refer to the stock of emigrants from a given country or locations as its "diaspora" (while imprecise, this term is both evocative and largely accepted in the migration literature; see Beine et al., 2011aBeine et al., , 2011b;;[START_REF] Dufoix | Diasporas[END_REF].

We proceed by reconsidering IBM-GNR cross-country distribution of names and surnames. This allows us to identify the stock of emigrant inventors from any possible country of origin, which we then we assign to specific clusters inside such country. Following up from one of the examples above, consider the inventor Rajiv Choudhary. According to IBM-GNR, the name Rajiv comes mostly from India (84% of the cases) followed by Great Britain (10%) and Sri Lanka, Trinidad and Tobago, Canada, Australia, and the Netherlands (all with 1%). The surname Choudhary can be found in India (77% of cases), Pakistan (16%), Great Britain (6%), and Trinidad and Tobago (1%). We will then consider any Rajiv Choudhary who appears on patents with an address outside these countries as a migrant, and assign his patents fractionally to all of them, based on the combined frequencies of his name and surname. 5Being the IBM-GNR sourced from the US Immigration Authorities, the US is never listed as country of origin. Therefore, we cannot include it in our analysis (we will come back to this in section 4 below).

Panel 5.a in figure 5 reports the evolution of inventor diasporas for the countries with the most emigrant inventors. India stands out, followed by China and, quite distanced, the UK and several European countries. Panel 5.b shows instead the inventor emigration rate, which is defined as the stock of emigrant inventors over the sum of emigrant and native resident inventors of each country. Countries such as Russia and India have more than half of their inventors residing abroad. China had large emigration rates at the beginning of the period too, but they converged to the lower levels of other countries in the last years, mainly due to the dramatic increase of the resident inventors.

We do not report specific figures for clusters. By construction, they follow closely those of the countries in which they are located. Notice that, together with the absence of data for the US, this is the most important limitation of our measure.

[Insert Figure 5 about here]

3.3

Internationalization besides migration

International teams

We can measure internationalization through patent teams geographical dispersion, as observed when the inventors of the same patent have addresses in different countries (for a similar approach, see Belderbos et al., this book;[START_REF] Castellani | The changing geography of innovation and the multinational enterprise[END_REF]. For MNCs' patents, such dispersion may result from the distribution of R&D activities across laboratories in different countries; or by collaborations between the patent applicant and one foreign institutions. For sake of simplicity, and due to the impossibility to distinguish between these two cases, we will consider them jointly and refer generically to collaborations.

Figure 6 summarizes the main trends for international collaborations for the whole world (dashed line) and for a selection of countries (top-6 patentees plus India), starting in 1991. Few stylized facts emerge.

First, international co-invention increases over time, but not monotonically. In particular, the share of international co-invented patents grew up to 11% in 2010, and declined afterwards.

In unreported results, we see that this is due to a notable slowdown for international coinventions from 2010 onwards, vis-à-vis an incessant growth of the total number of patents.

Second, international collaboration trends differ widely across countries. East Asian countries -Japan, South Korea and China -exhibit the lowest collaboration levels. For Chinese patents, this is not the case before 2000, but it becomes so by 2011-2015, as a consequence of a spectacular downward trend. The US, Europe, and India stand at the opposite end, with rather high levels. 6Clearly, for patenting the main trends are dictated by corporate R&D: when it comes to developing countries, its home-based growth may simply go along with a decreasing dependence on MNCs' intra-group collaborations, which shows up in a decline of international coinventorship.

[Insert Figure 6 about here]

Foreign applicants

Being intellectual property, patents may have an additional and specific internationalization dimension, which does not relate to the invention process, but to ownership. Especially when coinciding with MNCs, applicants may have R&D labs in several foreign clusters, while retaining their headquarters elsewhere [START_REF] Picci | The internationalization of inventive activity: A gravity model using patent data[END_REF][START_REF] Thomson | Quantifying the effect of R&D offshoring on industrial productivity at home[END_REF]. Such

MNCs are the main builders and feeders of the global pipelines discussed in section 2. They also contribute to international STEM migration, which makes imperative for us to control for their presence in both GIHs and NCs. However, telling foreign firms apart from local ones on the basis of patent data is no easy task. In first instance, we consider as foreign all the patent applicants with an address outside the country of the GIH or NC under consideration. By doing so, however, we run the risk of treating as owned by foreign firms all patents that a country's MNCs assign, for strategic or fiscal reason, to a foreign unit, possibly a patent box. To correct for this error, we treat as locally-owned all patents by applicants with address in a foreign country, but less of 10% of its patents produced by inventors in such country.

Figure 7 shows that India stands out as the country with more foreign penetration, as measured by the share of locally invented patents held by foreign companies. By the end of our period of analysis, almost 60% of patents with inventors in India have at least one foreign applicant. In contrast, China exhibits similarly large shares only at the start of the observation period: as soon as its inventive activity starts growing, its foreign share goes down to around 15%. This level is the same as that of developed countries such as the US or Germany -which however reach it by following an opposite trend. The UK is also an interesting case, as it has dramatically increased its foreign penetration over time, which is presently above 30%. At the other extreme,
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both Japan and South Korea exhibit very small foreign shares, with no changes over time.

Clusters within each country follow patterns similar to the national ones. 7[Insert Figure 7 about here]

4. Clusters' performance: the role of migration and internationalization

This section concerns the relationship between international migration and innovative performance at the cluster level, by technological field and after controlling for other forms of internationalization. We produce several panel data regressions, with cluster-technology pairs as observations. This implies that any two observations may have in common the same GIH or NC, but refer to different technologies, or vice versa. In order to eliminate outliers, in particular very small cluster-technology pairs, we consider only the GIHs and NCs ranked among the first 100 clusters in each technology, for the time window 2011-2015.

For regressions including immigration variables, we drop around five hundred observations, which correspond to countries whose stocks of immigrants is hard to define, due to their linguistic proximity to their migrants' most relevant home countries. In most cases, these are small and highly innovative European countries such as Belgium (which draws most migrant inventors from France), Switzerland (which depends heavily on German migrants) and Ireland (which attracts migrants from all English-speaking countries worldwide). For regressions including emigration variables we do not consider the US clusters, for the reasons we put forward in section 3.2.2.

We measure clusters' success in two ways. First, we look at their productivity, for which we produce two proxies: the log number of patents per capita and the log number of citationweighted patents per capita (3 years forward citations). 8 Second, we look at the clusters' position in the global network of cities and regions. This is a graph with clusters as nodes and coinventorship activities (at least one patent in the period co-signed by inventors in two nodes) as ties. We rely on both the IB literature and social network analysis and consider more central clusters as better connected [START_REF] Turkina | Structure and evolution of global cluster networks: evidence from the aerospace industry[END_REF][START_REF] Turkina | Global connectedness and local innovation in industrial clusters[END_REF]. We compute both degree centrality (the direct number of linkages that a cluster has with all other clusters) and eigenvector centrality (which gives a higher weight to clusters that are central in the network, and therefore have access to key knowledge from anywhere in the network) [START_REF] Turkina | Global connectedness and local innovation in industrial clusters[END_REF].

Our sample covers the period 1986-2015. We organize the data by 5-year, non-overlapping time windows. In order to deal with reverse causality concerns we time lag all the explanatory variables by one time window (that is, we use data from 1981 to 2010 to build our explanatory variables). Late comers to the international patent system, such as China and India, enter the panel only after 2000. 9 As for the independent variables, our focal one is Migrants, which we measure as the percentage of patent-inventor pairs due to immigrant inventors, in each cluster-technology observation (see section 3.2.1).

Alternatively, we focus our attention on clusters' Diasporas, which we measure as the stock of emigrant inventors (fractional count as described in section 3.2.2). As this variable is originally computed at the country-technology level, we use the weight of the cluster in its country's total patenting to assign emigrants to specific clusters-technology.

Our main controls are International teams and Foreign applicants, which we measure, respectively, as described in sections 3.3.1 and 3.3.2. 10 Finally, we deal with unobserved sources of endogeneity by inserting technology-cluster fixed effects, as well as time-cluster and time-technology interactions, which allows us to control for a wide range of confounding factors. 11Table 1 reports our baseline results on the relationship between immigration and cluster's performance, each column corresponding to a different dependent variable. The estimated coefficient for Migrants is positive and significant in all cases, except for eigenvector centrality, for which it is null. Regressions in columns ( 1) and ( 2) are log-linear and all explanatory variables are expressed in ratios, so we can read the coefficients as elasticities. This implies that an additional percentage point in the share of immigrants' inventor-patent pairs increases of 0.07% the number of per-capita patents in the average cluster-technology pair (column 1); and that the effect goes to 0.12% when patent counts are citation-weighted (column 2). As for the regression in columns (3), which is linear, the estimated coefficient suggests than a percentage 9 More precisely, we consider as late comers all countries that adopted Triad-like patent legislations only after signing TRIPs, agreements coming with the establishment of the World Trade Organizations, such as China, India, Russia, and Brasil. Among such countries, those hosting clusters that enter our regression sample are China and India, the former having signed TRIPs in 2001 and the latter having signed it in 1995, but implemented only in 2000. 10 Summary statistics and the correlation matrix are presented in the Appendix.

point increase in the share of immigrants' inventor-patent pairs would increase the cluster's degree centrality score of 0.006 normalized points, that is 10% of its standard deviation.

These effects are comparable, from a quantitative viewpoint, with those pertaining to other forms of internationalization, namely international collaborations. In particular, the estimated coefficient for International teams is positive and significant in all regressions, except one (with patents per capita as dependent variable), with similar coefficients in columns ( 2) and ( 3).

As for foreign ownership, this is unrelated to cluster centrality (the coefficient for Foreign applicants is null in both columns 3 and 4), and negatively related to productivity (the coefficient for Foreign applicants is negative and significant in both columns 3 and 4). This confirms the positive association between the strength of domestic firms' presence and the cluster's success, which we suggested in section 3.3.

[Insert Table 1 about here]

These results, however, hide important heterogeneities across clusters, depending on their size and geographical locations. Table 2 explores them. Panel 2a in the table reports the results of split estimations of the coefficient for Migrants, according to the clusters' size. In particular, we distinguish between the top-25 ranked clusters in each technology, and the bottom-75, and find that it is only the coefficient for the former that is positive, significant and much larger than in the baseline regressions.

Based on our descriptive analysis, we also know that migrant inventors are mostly found in English-speaking countries and, to a lesser extent, in Continental Europe. For this reason, in panel 2b of table 2 we report split coefficients for cluster-technology pairs in English-speaking countries (US, UK, Australia and Canada), South-East Asian ones (India, China, Japan, South Korea, and Singapore), and the rest of the world (RoW) (mostly Continental Europe, plus a few clusters in Israel and Russia). With the (weak) exception of the regression for citation-weighted productivity, the estimated coefficient for South-East Asian countries is never significant, while evidence for other areas is patchier (positive and significant for one measure of productivity and one measure for centrality for English-speaking countries; positive and significant for both productivity measures, but not centrality, for the RoW).

When we split the coefficients according to both clusters' size and geography (panel 2c), we find that the positive relationship between inventors' migration and productivity is almost due entirely to the top 25 English-speaking clusters, and the top RoW ones, with very high elasticity estimates for both measures of productivity and for degree centrality. As for South-East Asia, we find some positive and relatively less significant effects for non-top clusters in two out of the four regressions.

Caution is due when it comes to causal interpretation of these results. Based on our efforts to accurately specify the model, we consider them as providing evidence of the positive effect of STEM migration on clusters' performance, but only for top clusters located in migrants' main destination countries. But some reverse interpretation may hold as well, which would point at all the other clusters' difficulties to attract foreign inventors.

[Insert Table 2 about here] Table 3 examines the impact of STEM emigration (Diasporas) on clusters' productivity and centrality. Similar to the previous table, its first panel (3a) reports the baselines estimates, while the following ones (3b and 3c) report split coefficients for, respectively, clusters of different size and in different geographical areas. We first notice that the estimated coefficient for the variable of interest is always positive and significant in all panels, which implies a positive effect of emigration on all clusters in our sample. When examining split coefficients, the effects are stronger for the larger clusters. They are instead as strong, if not weaker for clusters in Englishspeaking countries relative to both those in South-East Asia and those in RoW (English-speaking countries, however, do not include the US, for the reasons explained in section 3.2.2). Overall, the estimated coefficients are slightly larger than for immigration, although direct comparisons should be treated with caution, due to the different ways in which the Migrants and Diasporas are calculated, as well as the differences in the samples used to obtain them.

These results suggest that both immigration and emigration can sustain productivity in clusters, but with effects much more asymmetric (across clusters) for immigration than for emigration.

The tentative nature of our Diasporas variable and the loss of the US from our sample, however, suggest caution when interpreting our results and clearly call for further research on this issue.

[Insert Table 3 about here]

Conclusions

Globalization of innovative activities, which has grown incessantly over the past quarter century, has gone hand in hand with the emergence of local innovative clusters. They may be highly diversified GIHs, located inside or next to large metropolitan areas of advanced countries or emerging economies, or more specialized NCs, most often found in smaller cities and/or in less advanced economies. Based on a rich set of patent and publication data, this chapter identifies both types of agglomerations and explores their connections.

Such connections consist of both organizational and personal ties. The former originate from international organizational arrangements largely orchestrated by MNCs, such as collaborations between different country divisions or with foreign firms or research institutions, which result in "global pipelines" channeling knowledge across locations in different countries. Personal ties result instead from the international mobility of highly skilled persons, in particular those with STEM qualifications. While organizational ties contribute to such mobility (as when MNCs dispatch their staff to foreign operations, and back) this is mostly the result of a general migration trend that has both accompanied and favored the international exchanges of goods and services, capital, and knowledge.

Global pipelines have attracted some substantial literature, much less so personal ties. So far, the latter have represented a "missing link" in studies on global innovation networks: this chapter has proposed a methodology, based on patent data, to make its measurement possible, and proposed some exploratory results.

First, we have identified GIHs and NCs on the sole basis of the patent and publication data and not on pre-defined administrative boundaries. We have also documented their increasing weight on worldwide patenting activity, and their heterogeneity in terms of both size, exposure to highskilled migration, and dependence on global pipelines.

Second, we have selected the top cluster-technology pairs and explored -by means of panel data regressions -how the clusters' success (as measured by productivity and connectedness) is due to their organizational or personal ties worldwide. We have measured organizational ties with the international collaborations and foreign ownership of local inventive operations; but also personal ties, based on the weight of foreign inventors in such operations (immigrant inventors)

and the share of inventors of local origin operating abroad (emigrant inventors, or "diaspora").

While confirming, with some qualifications, the importance of global pipelines, our results also point at the important role of migration-based ties. When immigration is considered, migrant inventors play a role in the success of the largest clusters in English-speaking countries and European ones (the former being the most important destination of STEM migrants worldwide and especially from Asia, the latter being the beneficiaries of the European free-movement area).

However, non-top clusters and clusters in Asia neither attract migrant inventors, nor they appear to benefit much of their presence. Whether the two things go together, possibly because the migrants' presence is felt only above a certain threshold, is to be assessed by future research.

As for emigration, our measure of each cluster's diaspora is more tentative and we must exert caution when interpreting our results. Still, they point at a more diffuse role than immigration, with productivity and connectedness of clusters of all sizes and locations being positively affected by emigration.

Besides improving our diaspora measure, we expect that future research will extend the evidence to other indicators besides patents and produce more robust causal evidence on the migrationperformance nexus of global clusters. Political shocks opening or closing national borders are frequent and some of them -both recent and less recent -have been already exploited to prove the migrants' role in diffusing knowledge (surveyed by [START_REF] Lissoni | International migration and innovation diffusion: an eclectic survey[END_REF] or otherwise sustaining innovation in host and home countries [START_REF] Kerr | Global Talent Flows[END_REF]. However, most studies take place at the national level or, when they focus on cities and regions, do not explore their connections.

Moving the analysis to both the local and global level is the next step. i. Observations consist of cluster-technology pairs observed over 5-year, non-overlapping time windows, from 1986 to 2015 (dependent variables) and from 1981 to 2010 (regressors, which enter the regression with 1period lags). ii. Patents p.c. stands for the number of patents per thousand inhabitants in the time window (inverse hyperbolic sine transformation). Citation-weighted p.p.c. stands for the number of patents per capita, weighted by their forward citations in a 3-year time window after patent priority year. Degree centrality and eigenvector centrality refer to a cluster position in the global innovation (0-to-1 normalized values).

iii. All regressions also include the explanatory variables International teams and Foreign applicants.

iv. For the full list of top-25 clusters see the Appendix section. English includes Australia, Canada, Ireland, the UK and the US. South-East Asia includes China, India, Japan, South Korea and Singapore. v. Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1. considering all points in space containing one or more patents (patents with the same exact latitude and longitude); searching for other points in an arbitrarily small area around each point (in our case, a circle with a radius of 13 kilometres for patents, as in [START_REF] Bergquist | Identifying and ranking the world's largest clusters of inventive activity[END_REF]23 kilometres for publication data), irrespective of any administrative boundary;

and in aggregating all significantly overlapping areas up to when they contain only "core" and "border" points, the former being all the points surrounded by an arbitrarily high number of other points (critical threshold), the latter being all noncore points falling into a core point's area (so to exclude all "noise" points, which are neither core nor close to any core) We first run our algorithms on the entire patent and publication datasets, irrespective technological or disciplinary fields, and identify a certain number of patents and publications agglomerations. After having identified the two types of agglomerations separately, we merge them and keep the outer borders in case that some patent and publication agglomerations do not overlap exactly, thus obtaining our list of "Global Innovation Hotspots" (GIHs). These are large knowledge production centers, capturing the geographical areas with the highest density of patents and publications per square kilometer. By construction, they do not overlap and are internationally comparable.

After identifying the GIHs, we re-consider all the patents not yet assigned to any of them, and treat them separately with the same algorithm, this time by technological and scientific field. We also set a lower critical threshold for the identification of core points -the median value of per-field distributions being lower than general ones. In this way we identify a number of "Niche Clusters" (NCs), with high innovation density in one or more specific technological and scientific fields. By construction, they do not overlap with the GIHs, but they are only internationally comparable within their specific field (or fields).

Different calibrations of the DBSCAN algorithms produce different numbers of GIHs and

NCs. With our preferred calibration, we obtain 174 of the former and 313 of the latter, distributed across 34 countries (out of 195 in our sample). When ranked by either the number of patents or that of publications, all of the top 30 agglomerations in our ranking turn out to be GIHs. They are located in just 16 countries and are responsible for almost 70% of the patents and around 50% of the scientific articles published worldwide. More generally, very few patents and publications are produced outside our GIHs and NCs, and even fewer outside the countries that host them. Red points identify geolocalized patenting activity, while green and yellow shades identify, respectively, GIHs' and NCs' borders. The rankings of these clusters from period to period are relatively stable. This is shown in figure A.4, which reports the Spearman's rank correlation coefficients across time periods, per technology. The correlation from period to period is always very high (0.85-0.95), though it is never perfect. This is especially the case after 2000, when some reshuffling seems to take place, followed by renewed stability. This is possibly related with the entry of new actors.

Thus, in unreported results we repeated Spearman's correlations per period with respect to the initial period 1976-1980, and correlations there become poorer and poorer over time, being around 0.4-0.6 for the last period. For the sake of comparison, we also report here several figures and trends on inventor migration, built using inventors' nationality from PCT data (Fink and Miguelez, 2017)figures A.9, A.10 and A.11. We first find a confirmation of the increasing importance of teams in inventive activities, witness the remarkable decline of individual patents. The more the hotspots and niche clusters collaborate, the denser the network of knowledge they create. Second, we notice that the share of local-only teams is larger than that of national and international ones. As for trends, the share of international-team patents increase up until around 2005, and flattens out after then, in coincidence with the general slowdown of internationalization of inventive activities we outlined above. 1991-1995 1996-2000 2001-2005 2005-2010 2010-2015 Top-10% cited patents 

Figure 1

 1 Figure 1 shows the evolution of a few, selected GIHs or NCs, starting from the largest one in each country (Figure 1.a), followed by the time evolution of top-10 clusters (Figure 1.b). The figures show that large GIHs such as Tokyo, Osaka, New York or San Francisco permanently occupy the top positions. They also show the role of leading GIHs in emerging economies, such as Seoul, Beijing, Shenzhen-Hong Kong and, to a lesser extent, Bengaluru, catching up over time with the leading areas.
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 123204 Figure 1. Number of patents per year in selected GHIs, 1976-2015
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 567 Figure 5. Emigrant inventors, by country of origin (selected countries);1976-2015

  i. Observations consist of cluster-technology pairs observed over 5-year, non-overlapping time windows, from 1986 to 2015 (dependent variables) and from 1981 to 2010 (regressors). ii. Patents p.c. stands for the number of patents per thousand inhabitants in the time window (inverse hyperbolic sine transformation). Citation-weighted p.p.c. stands for the number of patents per capita, weighted by their forward citations in a 3-year time window after patent priority year. Degree centrality and eigenvector centrality refer to a cluster position in the global innovation (0-to-1 normalized values). iii. Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1.

Figure A. 1

 1 Figure A.1 displays an idealized map containing an agglomeration of points (where C is a representative core point and B a representative border point), plus a noise point (N) that does not belong to any agglomeration. Notice that the agglomeration results from having set the threshold at 4, while in reality we have set it equal to the median of the number of neighbors around each core point. Choosing as threshold the median of the number of neighbors, allows half of the points to be considered as core points by the clustering algorithm (more details available in Miguelez et al., 2019).

Figure A. 1 .

 1 Figure A.1. DBSCAN core points, border points and noise points

  Figure A.2 shows a zoomed-in example of the outcome of the cluster identification process (part of Western Europe and South UK).

Figure A. 2 .

 2 Figure A.2. Outcome of the cluster identification algorithm

  Figure A.3 displays them on a worldwide map, and zooms-in a selection of geographical areas.as Amsterdam, Singapore, Ann Arbor, Stockholm, Cambridge or Copenhagen. The NCs in Bern or Mumbai do better in biopharma patents than GIHs such as Singapore, Taipei, Nurnberg, Rochester or even Bengaluru. The complete list of the top 50 GIHs or NCs for 12 distinct technological fields can be found in[START_REF] Miguelez | Tied in: the Global Network of Local Innovation[END_REF].

Figure A. 4 .

 4 Figure A.4. Clusters' ranking Spearman's rank correlation, over time

Figure

  Figure A.7. Share of migrants -inside vs outside clusters

  closer at the US (right-top panel) we notice that three agglomerations, the two of California ones plus New York, have double migration rates than the country as a whole. Two other West and East coast agglomerations (respectively Los Angeles and Boston) also stand out.On the contrary, the only mid-Western agglomeration in the top-10, Minneapolis, stands below. Data for the UK show that the above-average agglomerations, for migration rates, are the top one in size (London) and the two ones most clearly associated with academic research and its transfer (Cambridge and Oxford). As for Germany, the most interesting case is that of Aachen, which witnesses of the importance of intra-European migration, especially in border zones: the city, which stands next to both the Netherlands and Belgium, receives commuters from both countries (as well as other EU nationals residing there). The same is likely for Eindhoven and Brussels (unreported), which are right across the border.

Figure A. 8 .

 8 Figure A.8. Share of migrants in clusters

Figure A. 9 :Figure A. 12 :

 912 Figure A.9: Share of PCT migrant inventors, selected countries, 1990-2010

Figure A. 13 :

 13 Figure A.13: GIHs' and NCs' share of co-inventorship, by team composition

  

  

  

  

  

  

  

  

  

Table 1 .

 1 Effect of inventor immigration on clusters' success, 1986-2015 

		(1)	(2)	(3)	(4)
		Patents	Citation-	Degree	Eigenvector
		p.c.	weighted p.p.c.	centrality	centrality
	International teams	0.0459	0.111**	0.00848***	0.0163***
		(0.0308)	(0.0518)	(0.00293)	(0.00442)
	Foreign applicants	-0.109***	-0.146***	0.00286	0.00562
		(0.0307)	(0.0519)	(0.00251)	(0.00344)
	Migrants	0.0706**	0.119**	0.00612**	-0.00332
		(0.0326)	(0.0572)	(0.00269)	(0.00310)
	Constant	0.448***	0.812***	0.0630***	0.0705***
		(0.00506)	(0.00875)	(0.000461)	(0.000648)
	Observations	6,486	6,486	6,486	6,486
	Adjusted R2	0.944	0.930	0.957	0.920
	Cluster*Tech FE	Yes	Yes	Yes	Yes
	Cluster*Time FE	Yes	Yes	Yes	Yes
	Tech*Time FE	Yes	Yes	Yes	Yes

Table 2 .

 2 Effect of inventor immigration on clusters' success, 1986-2015; by cluster's rank 

	and localization				
		(1)	(2)	(3)	(4)
		Patents	Citation-	Degree	Eigenvector
		p.c.	weighted p.p.c.	centrality	centrality
			Panel 2.a		
	Migrants * Top-25	0.330***	0.394***	0.0216***	-0.00449
		(0.105)	(0.136)	(0.00741)	(0.00701)
	Migrants * non-top-25	-0.00499	0.0394	0.00161	-0.00298
		(0.0313)	(0.0639)	(0.00305)	(0.00331)
	Constant	0.445***	0.810***	0.0628***	0.0705***
		(0.00563)	(0.00915)	(0.000476)	(0.000653)
	Observations	6,486	6,486	6,486	6,486
	Adjusted R2	0.944	0.930	0.957	0.920
			Panel 2.b		
	Migrants * English	0.167**	0.0162	0.0210**	-0.0176
		(0.0758)	(0.173)	(0.00824)	(0.0120)
	Migrants * South-E. Asia	0.0189	0.0978*	0.00210	-0.00205
		(0.0342)	(0.0589)	(0.00274)	(0.00228)
	Migrants * RoW	0.243*	0.467**	0.00532	0.0153
		(0.139)	(0.183)	(0.00841)	(0.0113)
	Constant	0.439***	0.811***	0.0622***	0.0709***
		(0.00653)	(0.0126)	(0.000634)	(0.000954)
	Observations	6,486	6,486	6,486	6,486
	Adjusted R2	0.944	0.930	0.957	0.920
			Panel 2.c		
	Migrants * English (top25)	1.121***	1.187***	0.129***	-0.0231
		(0.209)	(0.233)	(0.0232)	(0.0292)
	Migrants * English (non-	-0.0515	-0.250	-0.00339	-0.0163
	top25)				
		(0.0690)	(0.190)	(0.00772)	(0.0124)
	Migrants * S-E Asia (top25)	-0.0679	-0.00500	-0.00916	-0.00658
		(0.0961)	(0.134)	(0.00572)	(0.00502)
	Mig. * S-E Asia (non-top25)	0.0457	0.130**	0.00558*	-0.000653
		(0.0299)	(0.0619)	(0.00304)	(0.00237)
	Migrants * RoW (top25)	1.603***	1.660***	0.0411*	0.0402
		(0.351)	(0.457)	(0.0224)	(0.0286)
	Migrants * RoW (non-top25)	-0.134	0.137	-0.00446	0.00830
		(0.128)	(0.177)	(0.00910)	(0.0116)
	Constant	0.430***	0.801***	0.0612***	0.0710***
		(0.00682)	(0.0122)	(0.000698)	(0.00101)
	Observations	6,486	6,486	6,486	6,486
	Adjusted R2	0.945	0.931	0.957	0.920

Table 3

 3 Patents p.c. stands for the number of patents per thousand inhabitants in the time window (inverse hyperbolic sine transformation). Citation-weighted p.p.c. stands for the number of patents per capita, weighted by their forward citations in a 3-year time window after patent priority year. Degree centrality and eigenvector centrality refer to a cluster position in the global innovation (0-to-1 normalized values).iii. All regressions also include the explanatory variables International teams and Foreign applicants. iv. For the full list of top-25 clusters see the Appendix section. English includes Australia, Canada, Ireland, the UK and the US. South-East Asia includes China, India, Japan, South Korea and Singapore. v. Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 .

	. Effect of inventor emigration (diasporas) on clusters' success, 1986-2015; by
	cluster's rank and localization			
		(1)	(2)	(3)	(4)
		Patents	Citation	Degree	Eigenvector
		p.c.	weighted p.p.c	centrality	centrality
		Panel 3.a		
	Diasporas (ihs)	0.104***	0.0979***	0.00484***	0.00507***
		(0.0106)	(0.0158)	(0.000701)	(0.000840)
	Constant	0.104**	0.324***	0.0285***	0.0208***
		(0.0409)	(0.0615)	(0.00268)	(0.00325)
	Observations	4,596	4,596	4,596	4,596
	Adjusted R2	0.958	0.931	0.946	0.861
		Panel 3.b		
	Diasporas * Top-25	0.208***	0.185***	0.0116***	0.00589***
		(0.0153)	(0.0217)	(0.00126)	(0.00133)
	Diasporas * non-top-25	0.0785***	0.0762***	0.00316***	0.00487***
		(0.00983)	(0.0156)	(0.000677)	(0.000845)
	Constant	0.0441	0.274***	0.0245***	0.0204***
		(0.0381)	(0.0601)	(0.00271)	(0.00334)
	Observations	4,596	4,596	4,596	4,596
	Adjusted R2	0.961	0.932	0.948	0.861
		Panel 3.c		
	Diasporas * English	0.0485***	0.105***	0.00941***	0.00428**
		(0.0142)	(0.0323)	(0.00156)	(0.00199)
	Diasporas * S-E Asia	0.106***	0.0860***	0.00111	0.00191**
		(0.0145)	(0.0196)	(0.000753)	(0.000857)
	Diasporas * RoW	0.120***	0.112***	0.00857***	0.00984***
		(0.0149)	(0.0205)	(0.00110)	(0.00122)
	Constant	0.0953**	0.306***	0.0232***	0.0153***
		(0.0415)	(0.0625)	(0.00291)	(0.00349)
	Observations	4,596	4,596	4,596	4,596
	Adjusted R2	0.959	0.931	0.947	0.862

Table A .

 A 1: Ranking GIH and NC, for selected fields, patents Note: Grey-shaded lines indicate Niche Clusters. All other agglomerations are Global Innovation Hotspots Source: Authors' estimation based on PATSTAT

  A.7. Share of migrants -inside vs outside clusters These trends remind national ones, with Bengaluru, Seoul and Shenzhen following closely, respectively, the Indian, Korean and Chinese trends; and lines for San Jose -San Francisco, London and Frankfurt reminding of those for the US, UK and Germany. Levels, however, are different and especially for the latter cities, whose immigration rates are well above their national averages. As for Tokyo, it exhibits steadily low migration rate levels. Looking
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More importantly, there is considerable variation across locations. Figure A.8 reports the immigration trends for the largest clusters in the top-patenting countries (plus India).

  Table A.6. Effect of foreign MNC and teams' internationalization on clusters' success,

	by cluster size				
		(1)	(2)	(3)	(4)
		Patents p.c.	Citation	Degree cen. Eigenvector
			weighted		cen.
	International teams * Top-25	0.444***	0.521***	0.0213**	-0.0127
		(0.102)	(0.133)	(0.0100)	(0.0113)
	International teams * non-top-25	-0.0181	0.0500	-0.00258	0.00310
		(0.0269)	(0.0457)	(0.00278) (0.00354)
	Foreign applicants * Top-25	-0.141	-0.134	0.0110	-0.0108*
		(0.0893)	(0.108)	(0.00690) (0.00590)
	Foreign applicants * non-top-25 -0.0546**	-0.104**	-0.000778	0.00152
		(0.0264)	(0.0495)	(0.00250) (0.00289)
	Constant	0.441***	0.792*** 0.0776*** 0.0744***
		(0.00509) (0.00784) (0.000482) (0.000575)
	Observations	6,978	6,978	6,978	6,978
	Adjusted R-squared	0.944	0.931	0.964	0.934
	Cluster*Tech FE	Yes	Yes	Yes	Yes
	Cluster* Time FE	Yes	Yes	Yes	Yes
	Tech* Time FE	Yes	Yes	Yes	Yes

All the data used in this study, including the raw micro data on worldwide migrant inventors, can be accessed from the authors upon e-mail request.

DBSCAN stands for "Density-Based Spatial Clustering of Applications with Noise". See:[START_REF] Ester | A density-based algorithm for discovering clusters in large spatial databases with noise[END_REF].

More details on the methodology to identify GIHs and NCs, as well as further analytical results, are presented in the Appendix.

The Appendix section explores differences in immigration rates across technologies. Two fields stand out: Biopharma and Information & Communication Technologies (ICTs), both of which are closely associated to higher education and academic research. It also shows immigration rates across clusters within a selection of countries.

In the case of India, the fractional count will be: 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 = (84 + 77) 200 ⁄ = 0.805. Similarly, it will be 0.083 for Great Britain, 0.078 for Pakistan, 0.01 for Trinidad and Tobago, and 0.005 for the remaining countries.

A more detailed analysis of this phenomenon at the cluster level is presented in the Appendix.

A more detailed analysis is presented in the Appendix.

Due to the potential existence of zeros, we do not strictly log transform our variables, but apply the inverse hyperbolic sine transformation, which is defined as follows: 𝐼𝐻𝑆 = log (𝑦 + (𝑦 + 1) / .

We are aware of the lack of controls in our regressions. Yet, our FEs scheme account for the majority of variables that could affect productivity and centrality, including agglomeration economies, human capital accumulation, technology specific shocks, and other institutional and environmental factors.

www.wipo.int/export/sites/www/ipstats/en/statistics/patents/pdf/wipo_ipc_technology.pdf

Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1. Patents p.c. stands for the number of patents per thousand inhabitants in the time window (inverse hyperbolic sine transformation). Citation weighted stands for the number of patents per capita, weighted by their forward citations in a 3-year time window after patent priority year. Degree centrality and eigenvector centrality are normalized.
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Appendixes Appendix 1. Technological and scientific fields used in the analysis

For the purpose of the analysis, we grouped patents in 13 technological fields. These fields were based on the 35 fields of technology from WIPO's technology concordance table relying on the International Patent Classification (IPC) symbols. 12 The criteria to group the fields were: [START_REF]Electrical machinery, apparatus, energy[END_REF] to keep the resulting fields of a comparable size; and, (2) to group them according to the co-occurrence of WIPO's categories. The resulting fields range from 4.4% to 13.8% of total and group the 35 WIPO fields as follows:

Appendix 2. Identification of GIHs and NCs and main results

While the economic and geographical literatures abound of references to the importance of agglomerations for innovative activities, the identification of the location and boundaries of such agglomerations remains an open challenge. Even the terminology varies, ranging from "tech clusters" (when wishing to stress their peculiarities vis-à-vis industrial clusters; Kerr and Robert-Nicoud, 2019) to "innovation hubs" (where the emphasis is placed on innovative cities and their centrality in global networks of knowledge exchanges; [START_REF] Nijkamp | The "New Urban Europe": Global challenges and local responses in the urban century[END_REF]. "Hotspot" is also a recurring term, which is more neutral and used interchangeably with "hub" and "cluster". In this chapter we use the generic form of "cluster" to refer to the spatial units we are going to identify. We will divide them, however, between "Global Innovation Hotspots" (GIHs) and "Niche Clusters" (NCs) (full definitions below). Moreover, when the technological dimension is attached to the spatial unit identified, we refer to them as "cluster-technology".

Every effort to map innovation agglomerations, especially at the international level, should not rely on fixed spatial boundaries, such as administrative or political units [START_REF] Carlino | Agglomeration and innovation[END_REF]. Albeit very common, for opportunity reasons, this practice suffers of both a "modifiable area unit problem" (the unit size may vary across countries, thus making quantitative comparisons impossible) and a "border effect" problem (the unit boundaries may either cut across a cross-border agglomeration, or -in case of large units -include two distinct agglomerations). What we need instead is a continuous distance metric, one that first places innovation activities in space and then assigns them to agglomeration units that both maximize internal density (reciprocal proximity of the activities in the unit) and external distance (distance between units).

For these reasons, we first geolocalize with high precision all patents in our dataset, and then apply a DBSCAN clustering algorithm to identify a multitude of agglomerations worldwide (where DBSCAN stands for "Density-Based Spatial Clustering of Applications with Noise"; [START_REF] Ester | A density-based algorithm for discovering clusters in large spatial databases with noise[END_REF]. When available, the algorithm was applied to the inventors' addresses, following their geocoding; in the latter's absence, to the addresses of patent applicants.

Geocoding of addresses relied on both previous efforts (de [START_REF] De Rassenfosse | Geocoding of worldwide patent data[END_REF]Ikeuchi et al., 2017;Li et al., 2014;[START_REF] Morrison | Disambiguation of patent inventors and assignees using high-resolution geolocation data[END_REF]Yin and Motohashi, 2018) and our own work using ESRI or Geonames, as well as geocoded postal codes official national sources.

Again, each patent is assigned to a coordinate point with a whole count. However, if different coordinate points belonging to the same patent are grouped in the same identified cluster, we counted all of them only once, as we did in our analysis at the country level.

In a nutshell, the algorithm consists in: Japan, with negligible immigration rates, stand at the opposite end of the spectrum. In between, we find developing countries such as India and China. They start with high immigration levels, higher than those in the US or Europe; and then they see these levels declining incessantly. Most likely, the trend inversion is due to the prevalent nature of STEM immigration in such countries, which mostly consists of foreign researchers working at local MNCs' branches. These inventors weighed considerably when the indigenous innovative activity was limited, but lost importance thereafter. At the local level, we can split patents between those produced within one or another form of agglomeration (at least one inventor's address coincides with a GIH or NCs) and those produced outside them (no inventor address to be found in any cluster). Based on this distinction, and for patents with two inventors or more, figure A.12 shows that inventive activities taking place in GIHs and NCs are the most internationalized (continuous lines).

The difference is even starker when we focus only on highly cited patents (10% most cited patents, per year and technology; dotted lines). The figure also shows that an internationalization trend exists, but also that it considerably flattens out after 2005 (in the case of highly cited patents it even becomes negative).