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Abstract

This paper studies the role of the inventors’ networks

and the diversity of the local industrial structure for

regional innovation, differentiating between regions'

production of normal and breakthrough innovations. Our

results suggest that, on the one hand, local related variety

enhances the overall innovation rate, while unrelated

variety supports the rate of breakthrough innovations. On

the other hand, we find evidence that inventors’ networks

are determinant for regions' patenting of normal and

breakthrough innovations. To do so we constructed a

unique database of Italian patenting activity at the

United States Patent and Trademark Office (USPTO)

dating back to 1972.
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1 | INTRODUCTION

In recent innovation literature, several studies analyse the role of inventors’ networks on regional inventive activity.

This line of research has developed rapidly in recent years thanks to newly available data sources, the use of
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algorithms that allow the disambiguation of inventors (Fleming, Mingo, et al., 2007; Li et al., 2014; Ventura et al.,

2015), and the digitization of patents since the 1800s (Petralia et al., 2017).

In particular, the role of inventors’ networks for regional innovation has gained considerable interest with recent

works in journals of Regional Sciences, Economic Geography and Innovation studies (Capone et al., 2021; Innocenti

et al., 2020; van der Wouden & Rigby, 2019). A considerable strand of this literature has focused on understanding

how inventors’ networks promote the exchange of knowledge at the local level and how they affect places' innova-

tive productivity (Acs et al., 2002; Singh, 2005; Fleming, Mingo, et al., 2007b), shifting from a firm-centred paradigm

to one where areas and regions were the primary unit of analysis (Breschi & Lenzi, 2016; Lobo & Strumsky, 2008;

Strumsky & Thill, 2013).

Furthermore, the hype developed from the technological “relatedness” concept has allowed broadening

this field of study by analysing how (diversified) places with a higher technological relatedness could excel

in the production of inventions (Ebersberger et al., 2014; Van der Wouden, 2020; van der Wouden &

Rigby, 2019; etc.).

The present research aims to investigate whether the structure of knowledge networks and the variety of the

local industrial structure are important for regional innovation and if there are different effects between normal and

breakthrough inventions. The idea is that local related variety might enhance the overall innovation rate due to

knowledge spillovers that occur when there is a fair degree of variety (Boschma et al., 2012), while local unrelated

variety is expected to support the surge of breakthrough innovations. This is because a wider range of diverse activi-

ties may favour unusual connections and spillover among distant sectors, producing more radical inventions (Castaldi

et al., 2015). However, what seems particularly interesting is how the inventor network and industrial structure inter-

act and affect overall and breakthrough patenting production (Boschma & Frenken, 2010; Broekel & Boschma,

2012).

The focus of our analysis is at the smallest geographic level of investigation offered by the EU classification sys-

tem for units with comparable population size, the NUTS 3 level (i.e., Italian provinces). In this work, USPTO co-

patenting activities are analysed in the 103 Italian provinces covering a long period, 1972–2011.1 We built inven-

tors’ networks using data on patent collaborations and used it to measure different characteristics these networks.

In addition, the industrial structure of the provinces is measured following the methodology first developed by

Frenken et al. (2007) building the variables of related and unrelated variety based on employment data. We esti-

mated a negative binomial regression to investigate whether the inventors' network and industrial structure of a

region favour production of normal or breakthrough patents.

The paper contributes to several debates. First of all, it contributes to the general debate on the role of inventors

network structure for regional inventions production (Breschi & Lenzi, 2016; Lobo & Strumsky, 2008; Strumsky &

Thill, 2013). Second, it improves the previous contributions considering also the role of variety/diversity (Capone

et al., 2021; Giannini et al., 2019; Innocenti et al., 2020; Van der Wouden, 2020; van der Wouden & Rigby, 2019).

Finally, it enhances the previous streams of research analysing the role of inventors’ networks and variety differenti-

ating for overall and breakthrough inventions. While there are some works on the role of variety/diversity for break-

through inventions (Castaldi & Los, 2012; Castaldi et al., 2015; Silverberg & Verspagen, 2007), to the best of our

knowledge, this is the very first paper analysing the role of inventors’ networks and variety for overall and break-

through inventions.

2 | INVENTORS ’ NETWORKS, DIVERSITY AND REGIONAL INVENTION

The interest around inventors’ networks actually dates back in time to Granovetter (1973), Burt (2000), Powell

(1990) and Powell et al. (1996). The first contributions are the work of Singh (2005) and Fleming, Mingo, et al.

(2007b), who studied the invention productivity of firms according to the structure of knowledge networks of

inventors.
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However, the recent revitalization of this line of research increased thanks to the development of algorithms

that allowed disambiguating inventors. Thanks to the work of Fleming, King, et al. (2007), Li et al. (2014) and Ventura

et al., (2015), it is possible to uniquely identify individual inventors in US patents. In Europe the disambiguation

efforts where mostly linked to the Massacrator tool (Pezzoni et al., 2014) and the CRIOS Lab activities on EPO pat-

ents (Coffano & Tarasconi, 2014; Morrison et al., 2017).2

A recent line of research, connected to this field, renewed this interest in inventors’ networks and urban context

to investigate the innovative capacity of cities and regions. This stream of research has mainly investigated how

inventors’ networks support the inventive performances of cities and it has been thriving in journals such as Journal

of Urban Economics, Journal of Regional Science and recently in Papers in Regional Sciences (Breschi & Lenzi, 2016;

Hermans, 2021; Innocenti et al., 2020; Lobo & Strumsky, 2008; Strumsky & Thill, 2013; van der Wouden & Rigby

2019).

Due to the growing availability of data and this renewed interest, an increasing number of contributions started

to focus on the structure of inventors’ networks in US cities in particular considering a long period. For instance,

Petralia et al. (2017) thanks to the use of a machine learning algorithm developed a long-range database (HistPat)

based on USPTO data containing information on all patens from 1836 until 1975. More recently, Van der Wouden

(2020) merged the Histpat database from Petralia et al. (2017) and USPTO to investigate complexity and collabora-

tions patterns in the US. In this resurge of this stream of research, the discussion mainly focuses on urban areas and

regions, involving then regional and urban sciences. Some initial contributions focused on the debate on the primacy

of agglomeration economies of inventors on inventor networks (Lobo & Strumsky, 2008; Strumsky & Thill, 2013).

The most recent works, on the other hand, focused on the role of social proximity in the inventors' networks and on

their contribution to supports knowledge flows and the renewal of the city knowledge base (Breschi & Lenzi, 2016).

The present work contributes to this debate, but it also aims to consider the local variety/diversity for regional

inventions production. This subsequent line of research developed from these works started to focus on the theme

of diversity and variety of cities and regions and in particular investigating how the role of inventor networks is

greater in places with high variety or complexity. A first work for example is that of van der Wouden and Rigby

(2019) that connects the debate on knowledge networks with the diversified structure of cities. They investigate the

role of the structure of networks of inventors in diversified and specialized cities in the US. They find that the struc-

ture of knowledge network is relevant for innovation, in particular in diversified cities with high relatedness. In addi-

tion, Rigby (2018) underlines that the variety of territories is an important element that influences inventors’
networks in fostering innovation. They both emphasize the potential of this stream of research for the future. Two

other contributions (Capone et al., 2021; Innocenti et al., 2020) investigate the role of inventors’ networks for inno-

vation moderated by the related/unrelated variety of the local industrial structure. Giannini et al. (2019) in the same

line presents an investigation on textile and clothing industry, pointing out that unrelated variety is more important

than related variety in explaining the innovation performance in the industry.3

Finally, the main novelty of the paper is to investigate the role of the structure of inventors’ networks and its

variety, not (only) for inventions in general, but also the so-called breakthrough inventions. In this respect, the litera-

ture suggests that these forces may have a different impact on the production of inventions and the “quality” of

these inventions. Several contributions focus on the connection between variety and breakthrough innovations

(Castaldi & Los, 2012; Silverberg & Verspagen, 2007). The hypothesis is that local related variety enhances the over-

all innovation rate and therefore recombination or incremental innovation, while local unrelated variety supports the

rate of breakthrough innovations. Frenken et al. (2007) underline that regions with higher related variety, benefiting

from Jacob externalities, can more easily produce recombination and therefore incremental innovation. On the other

side, regions with high unrelated variety are expected to outperform regions with a low level of unrelated variety in

producing breakthrough inventions (Castaldi et al., 2015). In this context, Castaldi and Los (2012) analyse the geogra-

phy of patents in the US and found that regional clustering of breakthrough patents is higher than general patents,

while Ejermo (2009) underlines that regional innovative performance in breakthrough patents is explained by differ-

ent hypotheses than explaining regional innovative performance in general. Silverberg and Verspagen (2007) analyse
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the distribution of breakthrough and general patents, underlining that the distribution of highly cited patents implies

a Pareto distribution of citations and highly cited patents can be considered as technological developments in new

technological paradigms.

The present work contributes to the above debates investigating whether the structure of knowledge networks

and the variety of the local industrial structure are important for regional innovation and in particular on the capacity

to produce breakthrough inventions.

2.1 | Hypothesis of the research

As the above literature review shows, there is an increasing number of contributions showing that the structure of

local knowledge networks and local variety is important for facilitating invention in cities and regions (Capone et al.,

2021; Innocenti et al., 2020; Van der Wouden, 2020; van der Wouden & Rigby 2019).

We adopt this approach in our paper for investigating the structure of local inventors’ networks and variety for

overall innovation and breakthrough innovation. As said, we expect differentiated results for overall and break-

through innovations. Regarding the structure of the local network, we mainly focus on three aspects related to the

structure of inventors’ networks: density, cohesion and social proximity for overall innovation and breakthrough

inventions.

2.1.1 | Density

In innovation studies, there is an open debate on the role of networks’ density for innovation. From a perspective, a

more connected network (dense) should promote the knowledge flows within its structure. In fact, according to Col-

eman (1990) a dense and connected network would facilitate knowledge exchange and diffusion.

However, first Granovetter (1973) and later Burt (2000) asserted that (over) connected networks would become

stale and less creative because they would circulate only redundant knowledge (the well-known “strength of weak

ties”) (Granovetter, 1973). Creating links with cognitively distant actors is crucial for (radical) innovations and the

acquisition of new knowledge. Some previous works have found that density is negatively correlated with overall

innovation (Galaso & Kovářík, 2021; Innocenti et al., 2020). This could be also expected for breakthrough innovations

where too much density of the network could impede knowledge transfer and exchange also for radical

inventions.

Hypothesis 1. A more dense regional inventors’ network will be negatively correlated with overall

invention and breakthrough innovations.

2.1.2 | Cohesion

According to the previous discussion, van der Wounden and Rigby (2019) assert in particular that co-patents net-

works are disconnected networks and network measures like (density) centrality behave poorly for them. Moreover,

they underline that size and density are found to interact strongly with network measures. Consequently, they

advise using some measure of network internal cohesion to investigate networks of different sizes and density, and

surpassing the problem of disconnected networks.

One of the major cohesion measurement of Social Network Analysis (SNA) is the identification of cohesive sub-

groups of actors within a network (Wasserman & Faust, 1994). Cohesive subgroups are subsets of actors among

whom there are relatively strong, direct, intense, frequent or positive ties. One expects greater homogeneity among
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organizations who have relatively frequent context and direct contact and less homogeneity among persons who

have less contact. Several authors underline the importance to investigate the cohesion of sub-groups of inventors’
networks focusing on actor's micro-behaviours and the sub-structure of networks (Lobo & Strumsky, 2008;

Strumsky & Thill, 2013). These studies have all confirmed that a more cohesive network will be positively correlated

with overall inventions, this can also be expected for breakthrough innovation as strong, direct, intense, frequent or

positive ties can also support the production of radical innovations. A higher impact of cohesive inventors’ networks

could be expected for breakthrough innovation production than for overall innovation.

Hypothesis 2. A more cohesive inventors network will be positive correlated with local invention and

breakthrough innovation.

2.1.3 | Social proximity

Finally, social proximity is another process (at micro level) that can help to promote knowledge exchange and innova-

tion. Several authors underline that social ties and trust can help to collaborate and to be more innovative (Boschma,

2005; Broekel & Boschma, 2012; etc.). In particular, on the knowledge network of inventors, Breschi and Lenzi

(2016) confirm that internal social proximity supports knowledge flows and the renewal of the local knowledge base.

Social proximity, trust and consequently mutual relationships, would promote local innovation. This means that

collaborations are promoted among partners of partners and follow trust and social proximity processes (Breschi &

Lenzi, 2016). Several authors have investigated social proximity in inventors’ networks, not always confirming a posi-

tive relation between social proximity and innovation. It is then expected that higher social proximity will be posi-

tively correlated with overall invention production. Regarding breakthrough innovation, radical inventions can be

considered as developed outside from the usual connection of social proximity, favouring more weak ties and struc-

tural holes and unusual relations (Burt, 2000; Granovetter, 1973). We then expect that social proximity could be neg-

atively correlated with breakthrough innovations.

Hypothesis 3. An inventor networks with higher social proximity will be positively correlated with

overall inventions, while it will be negatively correlated with breakthrough inventions.

2.1.4 | Related and unrelated variety

As already discussed in the Introduction, since the 1990s, many studies investigated the role of knowledge networks

on the innovativeness of cities or regions. And even if more recently, one other relevant stream of research gathered

growing attention looking at the effect of diversity and variety for innovativeness (Aarstad et al., 2016; Castaldi

et al., 2015; Miguelez & Moreno, 2017) and particularly the role of industrial variety (Tavassoli & Carbonara, 2014;

Leppälä, 2020). However, what seems to be under-investigated is the interaction between the two forces and the

overlaps among these two streams of research. While from a theoretical perspective the connection between the

inventors network and the industrial structure of the area for the innovative capacity is quite straightforward

(Boschma & Frenken, 2010), the empirical applications are lacking and this stream started to develop only in the last

very few years (Capone et al., 2021; van der Vouden & Rigby, 2019).

The literature regarding variety and particularly industrial variety as a relevant force able to favour the growth of

territories in terms of employment, GDP, innovativeness, etc., dates back in time (Glaeser et al., 1992). However, it

experienced extraordinary growth since the seminal work of Frenken et al. (2007), where the authors, starting from

the idea of diversity (Jacobs, 1969) suggested that this diversity of spatially close firms able to promote transfers of

knowledge and growth of productivity may be additionally divided in two different measures, namely related variety
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and unrelated variety. Regarding the first part, related variety, they suggest that the most interesting outcomes in

terms of growth, innovation and learning are achieved when firms and plants in an area have a degree of variety all-

owing exchange and cross-connections about their technological knowledge bases. Related variety, should capture a

definite degree of cognitive proximity, and thus measures the presence of sectors that are not too close nor too dis-

tant from each other (Boschma et al. 2012).

While many works already analysed the effect of related variety for the growth of territories in terms of employ-

ment, productivity and GDP (Bishop & Gripaios, 2010; Frenken et al., 2007), few previous works investigated the

effect of related variety on the production of patents (Aarstad et al., 2016; Castaldi et al., 2015). However, different

perspectives are leading to point out the attention to the diversification into related industries as an element capable

to favour innovation. Several scholars suggest that to produce innovative ideas a fair degree of cognitive proximity is

needed, this will allow the knowledge to spill-over between related sectors, favouring the recombination of knowl-

edge into new processes, products and favouring innovations (Boschma et al. 2012; Content & Frenken, 2016).

However, what is expected when the sectors that are present in an area are related, is that the innovation produced

tends to be incremental rather than radical (Solheim et al., 2018). Nevertheless, given the fact that the interaction

among related sectors is expected to favour the insurgence of incremental innovations and these tend to be more

frequent than the radical, we may expect related variety to favour the general innovativeness of the area. Given the

aforementioned reasoning, we put forward the following hypothesis:

Hypothesis 4. Regions characterized by a higher level of related variety are associated with higher

overall patens production.

As discussed, related variety is considered to favour the growth and innovativeness of the area, even if not in

term of breakthrough innovations. The unrelated variety defines the degree to which cognitively distant industries

do not share the same competencies and belong to different technological fields that are present in the region.

During the first period of the development of these measures and concepts, this force was considered mainly as

an indicator of portfolio effect, thus able to defend the area from sector-specific external shocks. For this reason,

the main applications of this measure were in studies on the resistance and resilience of territories to external

shocks (Nyström, 2018; Sedita et al., 2017). However, more recently following the idea that it is in terms of

knowledge spill-overs between different sectors that growth and radical innovations are encouraged. While

knowledge spill-overs within the same sector only foster incremental innovations (Broekel & Boschma, 2012),

started to rise the idea that unrelated variety may act not only as a force of portfolio effect but also as a determi-

nant of growth in the long run (Bishop & Gripaios, 2010; Grillitsch et al., 2018; Pinheiro et al., 2018; Saviotti &

Frenken, 2008).

The few empirical works aimed at disentangling the effect of unrelated variety for the innovativeness of the area

leads to different results, Tavassoli and Carbonara (2014) find positive effects of unrelated variety in terms of abso-

lute production of patents. While other authors (Castaldi et al., 2015; Miguelez & Moreno, 2017; Solheim et al.,

2018) find no evidence of this association, but strong evidence of the positive impact of diversification into unrelated

industries for the production of breakthrough innovations. The studies on the effect of variety also highlight how,

more technologically diversified regions will yield better performances, as a result of the transmission of innovations

and knowledge between firms belonging to different sectors. What is of import then, are cross-fertilization and

cross-cutting processes, resulting from the interplay of ideas that follow different technological trajectories. The

combinations of technologies coming from unrelated domains tend to fail more easily, however when they are suc-

cessful tend to have a more radical dimension concerning innovations coming by the interaction of related fields

(Castaldi et al., 2015; Saviotti & Frenken, 2008). In a given territory, the capacity to generate radical innovations can

be established when there are sufficiently different enterprises since variety allows the exchange of knowledge com-

ing from different sectors and stimulates the generation of new ideas leading to new applications new paths of

development and new functions (Grillitsch et al., 2018; Saviotti & Frenken, 2008).
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Hypothesis 5. Regions characterized by a higher level of unrelated variety are associated with higher

production of breakthrough patents.

Finally, an additional reflection can be developed on how network properties and variety may interact influenc-

ing overall and breakthrough innovations. The intention here is to understand if the effect of inventors’ networks’
measures varies on the basis of the industrial variety.

Regarding density, it generally negatively influences innovation, as density is associated with homogeneous and

recurrent knowledge flows. In general, we expect this homogeneity to be particularly negative when the territory

has low industrial variety (less negative with high variety). Moreover, for breakthrough innovations, then a combina-

tion of high density and low variety could be particularly detrimental for innovation.

Regarding cohesion, we expect that the positive effect of cohesion decrease with a higher level of (unrelated)

variety. For overall innovation, the cohesion of inventors’ networks would be more important in territory with low

industrial variety, while it would be less relevant with a higher level of variety. For radical innovations, casual and

new relationships are more important than usual and habitual ties. Therefore, the cohesion of inventors’ networks

decreases in supporting the exchange of knowledge as the (unrelated) variety in the area increases. We expect that

the positive effect of cohesion decreases with a higher level of unrelated variety.

3 | DATA SOURCE AND EXPLANATION OF THE DATABASE

The main sources of data to build the networks of inventors are the HistPat database (Petralia et al., 2017), which

contains all the historical patent data granted by the United States Patent and Trademark Office (USPTO) for the

period 1836–1975 and the database of Li et al., (2014) which contains disambiguated information on inventors for

the period 1975–2010.

First, we included detailed geographical information of patents granted to Italian inventors residing in Italy dur-

ing the period. Patents realized by multiple inventors located across different provinces have been fractionally split

across areas.4

Figure 1, represents the evolution of the patents granted by USPTO where at least one inventor is Italian. The

trend is similar to the general trend of USPTO (Van der Wouden, 2020) with an exponential increase in the last

50 years. It is interesting also to note that Italian inventors are deeply involved in applying for patents in the US as the

last numbers show. The database registers more than 5,000 patents in the 1960s reaching almost 35,000 in the 2000s.

Based on this increase starting from the 1970s, and since employment data before 1981 are not homogenous

and available, we decided to focus the empirical analysis on the period 1972–2011. Then for the following step, we

manually disambiguated5 the data regarding the inventors for the period 1972–1974 coming from the HistPat data-

base to have four periods of ten years of disambiguated data that permitted us to investigate collaboration among

inventors and inventors' networks.

It is then possible to investigate the geography of inventions realized by Italian inventors in USPTO (Figure 2). A

clear pattern of regional differentiation is evident in terms of the three major areas of the country (North, Centre,

and South). Besides the cities of the industrial triangle, the other provinces characterized by high densities of pat-

enting activities are urbanized provinces with large populations (Rome, Palermo, Naples, etc.). Initially, the distribu-

tion of patents is strongly concentrated in the North and the northern provinces of the Centre (especially in

Tuscany). The industrial triangle (Turin, Genoa, and Milan) is already clearly delineated, although in a somewhat

embryonic shape.

In the beginning, the distribution of patents is rather skewed with few provinces Turin, Genoa, Milan, Florence,

etc., holding the major bulk of patents. Then an increasing spread of patenting activities is happening with a process

of spatial diffusion and growing concentration of the patenting activities in a few selected areas of the country. The

main concentration is the industrial triangle, which becomes clearly visible.
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4 | THE ROLE OF THE STRUCTURE OF INVENTORS ’ NETWORKS AND
VARIETY FOR OVERALL INNOVATION AND BREAKTHROUGH INVENTIONS

This section analyses more than 83,000 patents developed by Italian inventors in the USPTO in the period 1972–2011.

As discussed above, we divided the considered period into four sub-periods to analyse knowledge networks and

diversity using a dynamic perspective. We chose four periods of the same length: 1972–1981, 1982–1991,

1992–2001 and 2002–2011. The choice of these four periods each of them closing in the year of Italian Census

(1981, 1991, 2001 and 2011) is connected to the larger availability of data at the year of the Census. Data that are

used to build the other independent and control variables.

Then we constructed the inventors’ networks for each Italian province (103) in the four periods using the disam-

biguated ID of the inventor.6 In these networks, “nodes” are inventors and the linkages are collaborations on pat-

ents. Our final database was composed of 412 (103 in each period) networks of more than 310,000 nodes as

inventors located in the Italian provinces.

4.1 | Dependent variable

As already discussed, the aim of the paper is twofold. First, to investigate the effect of inventors network and indus-

trial structure on the overall innovation production and second, on the capacity to produce those that are defined as

breakthrough inventions. For this reason, we will test two different dependent variables. The first one is the count of

all patents and is defined as the simple number of the patents produced during the following four three-years inter-

vals (1982–1984, 1992–1994, 2002–2004, 2012–2014) for every Italian province. While the second dependent var-

iable, represent a subset of the first one, is limited to the breakthrough patents produced by the Italian provinces

during the same four three-year intervals.

To define breakthrough patents we followed the literature that suggests identifying these patents using the

number of citations received and considering the top cited (Ahuja & Morris Lampert, 2001; Castaldi et al., 2015;

F IGURE 1 Patent granted by USPTO per decade where at least one inventor is Italian Source: Author's
elaboration on USPTO data

8 INNOCENTI ET AL.



Singh & Fleming, 2010). In this context, citations received by a patent can be considered as an indicator of the patent

value (Trajtenberg, 1990). Of course, this is a tricky issue, and to facilitate a fair distribution of patents falling in dif-

ferent technological categories it is important to identify these top-cited patents separately for each technological

category and divided by years intervals. The average number of citations largely differ among technological catego-

ries and also among periods.7

We then measured the top cited patents (5%) separately for every 2 digit class in each five-year interval follow-

ing the approach of several authors (Ahuja & Morris Lampert, 2001; Singh & Fleming, 2010).

4.2 | Operationalization of the independent and control variables

The hypotheses of this study suggest that the local invention capacity is driven by how knowledge flows within the

local inventors’ networks. The structure of inventors’ networks, then, can promote or impede the production of

F IGURE 2 Patents productivity per workers along time in Italy 1972–2011 Source: Author's elaboration on
USPTO data
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inventions. This will be then fostered, or hindered, by the variety and diversity of the local industrial structure con-

cerning overall patents and breakthrough patents production.

The structure of the inventors network is analysed from different measures of social network analysis

(Wasserman & Faust, 1994). First, the connectedness of the network is measured by its density. As Granovetter

(1973) asserts, (over) connected networks would become stale and less creative because they would circulate only

redundant knowledge. As said, according to this hypothesis, a higher level of network density will be associated with

a negative effect on invention production (Table 1).

Second, we investigate the cohesion of the subgroups structure of the inventors network. As mentioned,

cohesive subgroups may have a better exchange of knowledge and a higher level of innovation. A method in

social network analysis to measure cohesive sub-groups is the use of k-cores (Wasserman & Faust, 1994).

A k-core is a simple tool for identifying well-connected structures within large graphs. It is a way of grouping

nodes, all of which are connected to some number (k) of other nodes; in other words, they share the same

degree of k (Seidman, 1983).

We calculate the k value of the k-core with the highest value (max k-core). We expect that the max k-core values

will be associated with higher invention production in a province. Max k-core would express the maximum number

of repeated collaborations within the province of k-cores, which would indicate that there is a more cohesive struc-

ture to the inventors network. This would support a higher local innovation capacity. Also, other works apply k-cores

to measure network cohesion (Innocenti et al., 2020; van der Wouden & Rigby, 2019).

TABLE 1 Hypotheses of the research

Variables Proxy (hypothesis) Overall innovations
Breakthrough
innovations

Hypothesis 1: Density of the network Density (�) A more dense regional

inventors network

will be negatively

correlated with overall

invention and also

breakthrough innovation

Hypothesis 2: Cohesion K-core index (+) A more cohesive inventors

network will be positive

correlated with

local invention and

breakthrough innovation

A higher cohesion will be

expected for

breakthrough

innovations than

overall patents

Hypothesis 3: Social proximity Triadic closure (+/�) An inventor networks

with higher social

proximity will be

positively correlated

with overall

inventions

An inventor networks

with higher social

proximity will be

negatively correlated

with breakthrough

inventions

Hypothesis 4: Related variety Related variety (+) Positive effect on the

overall patents

Hypothesis 5: Unrelated variety Unrelated variety (+) Positive effect on the

production of

breakthrough patents

Source: our elaboration.
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Finally, social proximity can also be relevant for knowledge exchange and innovation. Generally speaking, social

proximity could be measured based on family, kinship of friendship ties (Boschma, 2005). As we do not have a direct

measure of social proximity between inventors, we measure social proximity with triadic closure. In general, transitiv-

ity refers to the extent to which the tie which relates two nodes in a network that are connected by an edge is transi-

tive. In an undirected network (as co-patenting), the transitivity coefficient corresponds to the fraction of triads that

are closed, which is the fraction of pairs of inventors with common ties to another inventor. This means that collabo-

rations are promoted among partners of partners and follow trust and social proximity processes. Besides, other

works adopt triadic closure for social proximity (Ter Wal, 2014). A higher level of triadic closure will be expected to

promote the local inventive capacity.

Regarding external linkages, we calculate external co-patenting collaborations between local inventors and

inventors located in other provinces. We elaborate the share of patenting collaborations with inventors located out-

side the province. To capture the effect of agglomeration economies of inventors and the clustering of inventors, we

calculate the share of inventors on population. We expect that a higher concentration of inventors will promote local

patenting activity (Lobo & Strumsky, 2008).

Then, to study the effect of the industrial structure, we calculate the related and unrelated variety indexes for

each province (Frenken et al., 2007). For this purpose, we use the entropy measures following the rules adopted in

Frenken et al. (2007) and Hartog et al. (2012). The related and unrelated elements are the decompositions of the

variety, that is, the sum of the entropy at the four-digit level (following the NACE industrial classification). The

unrelated variety is then measured as the total amount of entropy at the two-digit level, following the idea that

sectors which do not share the same two digits are unrelated to each other. A higher value of this index indicates

that the province is largely diversified in dissimilar industrial sectors. The other element, called related variety, is the

weighted sum of the entropy within each two-digit sector. In this case, the idea is that sectors belonging to the same

two-digit class are technologically related to each other, so the interactions among them are easier and the sharing

of knowledge is favoured. In this vein, a higher level of this index favours knowledge spillovers between industrial

sectors and thus innovation (Hartog et al. 2012).

Several control variables are included in the empirical models. The first one is gross domestic product (GDP) per

capita, a measure available in Eurostat, used to capture the economic development of each province. GDP can be

considered as a proxy for the general economic prosperity of a province (Lacalle-Calderon et al., 2017).

The following variables are drawn from the Italian National Institute of Statistics (ISTAT) Census. The first is a

variable controlling for the concentration of medium-large firms in the province, which is added to control for the

stronger capacity to produce patents recognized in larger firms (Gambardella, 2021; Mazouz & Zhao, 2019). It is

measured here as the proportion of firms with more than 50 employees present in a province divided by the same

measure at the country level. We also control our estimates for the accumulation of human capital per province,

proxied by the percentage of residents with at least a tertiary education qualification.

The next variable included in the models is population density, used to control for urbanization levels and mea-

sured as the population and area ratio of provinces.

Finally, a variable controlling for R&D expenditure is also included in the model. Since this variable is not avail-

able at the provincial level (NUTS 3) for the entire period, we used regional data (NUTS 2) available in EUROSTAT

Regional database and rescaled the values for the working forces of the provinces.8 For this reason, the outcomes

need to be evaluated carefully. Table 2 presents the variables used in the study.

4.3 | Panel analysis

In this section, the estimation results are presented utilizing panel regression techniques with year and province fixed

effects. This method is used to identify the relationship between patent production and different measures of inven-

tor networks structure as well as the effect of industrial variety of the province.

INNOCENTI ET AL. 11



However, the characteristics of the dependent variable (discrete and non-negative) require the use of estimation

methods appropriate for count data (Hausman et al., 1984) and, thus, falling in the area of the Poisson family.

Utilizing the Poisson regression model requires that the mean of the data is restrained to be equal to the vari-

ance (Demidenko, 2013; Hilbe, 2011), which means Var(Yi)=E(Yi) = μi. While in this case, the strong variability of

the number of patents between provinces called for additional tests on the over-dispersion of the dependent vari-

able. Hence, we conducted a likelihood ratio test, as reported at the bottom of each model; these tests clearly indi-

cated the NBR might be expected to perform better than the Poisson estimator (Greene, 2003).

Mathematically, the estimated model takes the following form:

Yi,tþ3 ¼ αiþλiþβ1Densityi,tþβ2Transitivityi,tþβ3MaxKcoresi,tþβ4Depthi,tþβ5ShareInventorsi,tþβ6RelVari,t
þβ7UnrelVari,tþβ8Controlsi,tþϵi,t

where yi,tþ3 represents the dependent variable, which is the number of patents (breakthrough patents) produced during

the four three-years intervals (1982–1984, 1992–1994, 2002–2004, 2012–2014) for every Italian province i.

The independent variables are computed at the beginning of each period (1981, 1991, 2001 and 2011). Finally,

αi represents the province dummies, λi represents the time dummies and ϵi,t the error term. To enable comparisons

between the effects of the variables, these are standardized at zero mean and unit standard deviation.

The use of negative binomial panel regression is also helpful to avoid endogeneity problems and reverse causal-

ity between the dependent and independent variables. Finally, most of the acknowledged variables which may influ-

ence the patent production are also included to avoid misspecification of the model due to missing variable bias. In

addition as a robustness check, we perform the full model using a scaled dependent variable number of patents/

breakthrough patents divided by the population of the province and in this case, we utilized panel regression tech-

niques with year and province as fixed effects which showed similar results.

TABLE 2 The variables in the study

Dependent variables Explanations

Patents(1982–1984), (1992–1994), (2002–2004), (2012–2014) Patents in the period

Breakthroughs(1982–1984), (1992–1994), (2002–2004), (2012–2014) Breakthroughs patents of the period.

Independent and control variables Explanations

Density(1972–1981), (1982–1991), (1992–2001), (2002–2011) Density of the network

Transitivity (1972–1981), (1982–1991), (1992–2001), (2002–2011) Share of triads that are closed

Max k-core(1972–1981), (1982–1991), (1992–2001), (2002–2011) k value of the k-core with the highest value

Share external ties(1972–1981), (1982–1991), (1992–2001), (2002–2011) Share of collaboration with firms located outside the

province

Inventors per population(1981, 1991, 2001, 2011) Share of inventors on population

Related variety(1991, 2001, 2011) PG

g¼1
PgHg

Unrelated variety(1991, 2001, 2011) PG

g¼1
Pg log2 ( 1Pg)

GDP per capita(1991, 2001, 2011) GDP per capita at constant prices in EUR

Human Capital(1981, 1991, 2001, 2011) Share of residents with tertiary education or higher

Medium-large firms concentration(1991, 2001, 2011) Proportion of firms with more than 50 workers in a

province divided by the same measure at the

country level

Population density(1981, 1991, 2001, 2011) Population on province's area (squared km)

Expenditure in R&D(1985, 1991, 2001, 2011) Expenditure in R&D of the province

Source: our elaboration.
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We also controlled for the collinearity of the models, and each one report the mean of the variance inflation fac-

tor (VIF) measure, showing that collinearity is not an issue for our results. All the values are lower than 5 and the

means are all lower than 3, largely below the suggested threshold of 10 (Neter et al., 1989).

The estimation of the models followed a stepwise approach. The models report standardized coefficient to facili-

tate comparison, only independent variables are standardized since the dependent variable is a count variable.

Table 3 reports a selection of the most representative models using as dependent variable the count of all the pat-

ents granted, while Table 4 show the results of the same models using as dependent variable, the count of the break-

through patents.

The first model (model (1) in Table 3) is the simplest and aims to show the relationship between the knowledge

networks variables and the overall production of patents. The density of the network is significant and negative,

meaning that a denser and more connected network reduces the capacity to produce patents in a province. Similar

results were found by Lobo and Strumsky (2008) and Innocenti et al. (2020) pointing out that in high density net-

works, re-circulation of existing, and even redundant, knowledge may occur and therefore hindering innovation.

The highest positive coefficient among the networks variable is Max K-cores, while transitivity is not significant

as well as External ties (co-patent activities with other provinces). Max K-cores indicates that the cohesion of sub-

groups plays an important role in favouring the overall production of patents.

Among the control variables, it is worth mentioning the positive role played by the share of inventors, meaning

that the agglomeration economies effect of inventors favours the growth of patent production showing similar

results to those found by Strumsky and Thill (2013). While population density, human capital and R&D are not signifi-

cant. Model (2) reflects the results of the previous model except for the population density variable that turns out to

be significant and positive. The newly added control variable related to the concentration of medium-large firms, is

significant and positive meaning that the provinces showing a higher concentration of medium large firms tend to

produce more patents, while the GDP per capita is not significant.

Model (3) introduces related and unrelated variety variables. Focusing on the two newly included variables, it is

interesting to note that only related variety is significant and positively associated with the overall production of pat-

ents, while unrelated variety is significant in only two models. With the addition of these industrial variables, also

GDP and R&D show positive and significant results, meaning that regions with higher values are capable of produc-

ing more patents.

The following four models (models (4)–(7)) are aimed at the addition of interaction terms. The intention here is

to understand if the effect of inventors’ networks measures depends on the level of the industrial variety. Model

(5) is the only one with a significant (and negative) interaction term that is Max K-cores and Unrelated variety. As

expected, the positive effect of Max-K-cores decreases with a higher level of unrelated variety. This is in line with the

fact that for overall innovation, related variety is more relevant and also the role of the cohesion of inventors’ net-
works reduces its importance with a higher level of unrelated variety.

In conclusion Hypothesis 4 is then confirmed, a higher level of related variety is positively correlated with the

overall patents production, with a positive role of the structure of inventors’ networks.

Table 4 presents the estimations on the breakthrough patents. These models are organized as in Table 3. How-

ever, there are some relevant and interesting differences, density is significant and negative, but only in the first two

models in Table 4 ((1)–(2)). So Hypothesis 1 is partly confirmed as in the last models on breakthrough patents density

is not significant.

Transitivity is significant and negative in all the models ((1)–(7)). This confirms Hypothesis 3 only for break-

through patents, while transitivity was not significant in overall patents production (Table 3). The negative sign of

transitivity and social proximity for breakthrough patents, points out that for the production of radical innovations,

casual and new relationships are more important than the usual connections of the traditional inventors network,

favouring more weak ties and unusual relations (Granovetter, 1973).

Max k-cores shows to be significant and positive in all the models, confirming the role of cohesion of inventors’
networks also for breakthrough patents production. The coefficients are in general higher in the overall patents

INNOCENTI ET AL. 13
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productions models (Table 3), but unfortunately, it is not possible to directly compare the magnitude of the parame-

ters in the two models. However, following the results, also Hypothesis 2 can be confirmed.

Regarding the control variables, share of inventors is still significant and positive showing the highest coefficient,

meaning that the agglomeration effect of inventors also favours the growth of breakthrough patents production.

Also in the same direction, R&D expenditure shows to be significant and positive in all models, underlining that R&D

is more important for radical innovation than for combinatorial or incremental innovation as shown by the mixed

results of this variable in Table 3.

Conversely, in this case, no significance is detected in any model related to the concentration of medium-large

firms, meaning that concerning the overall production of patents, for breakthrough the size of firms in the province

is less relevant.

Starting form model (3) in Table 4 the related and unrelated variety variables are introduced. The main difference

with the previous set of models is that unrelated variety is now significant and positive, while related variety is signif-

icant only in one model (5). Hypothesis 5 is then confirmed underlining that a higher level with unrelated variety is

positively correlated with the breakthrough patents.

The following four models (models (4)–(7)) are aimed at the addition of interaction terms of knowledge networks

measures and related/unrelated variety. Model (5) is still the only one with a significant (and negative) interaction

term, that is, Max K-cores and Unrelated variety. As expected, the positive effect of Max-K-cores decreases with a

higher level of unrelated variety. The cohesion of inventors network decreases in supporting the exchange of knowl-

edge as the unrelated variety in the area increases. This confirms the fact that for radical innovations casual and new

relationships are more important than usual and habitual ties.

5 | CONCLUSIONS

In this paper, we investigated how the structure of the local inventors’ network and industrial diversity affect the

regular and breakthrough patenting activity. We expected that the role of the structure of inventors’ networks and

diversity influence the overall patents and breakthrough patents production, but in a differentiated way following

the articulation of the proposed hypotheses.

Results show a clear association between both, the characteristics of the inventor network and industrial diver-

sity of Italian provinces with respect to the production of regular and breakthrough patents. More precisely, our

results suggest that the structure of knowledge networks are positively correlated with the innovative capacity, with

particular reference to the cohesion of inventor networks, while social proximity offers a different, and precisely neg-

ative, contribution for breakthrough innovation.

However, the most interesting result concerns the analysis of the related and unrelated variety. A high degree of

related variety mainly affects the overall patents production, permitting recombination of local existing (related)

knowledge. While high values of unrelated variety favour the production of breakthrough innovation allowing the

connection of unrelated local knowledge. Similar results are also found by previous works on breakthrough inven-

tions such as Castaldi et al. (2015) or Castaldi and Los (2012). However, to the best of our knowledge, this is the first

work that links this phenomenon with inventors’ networks.

In this context, social proximity (measured as triadic closure) shows a different result and appears to have a (neg-

ative) impact mainly in breakthrough innovation and in regions with a high degree of unrelated variety. In this situa-

tion, it is not the recurring relationships that promote the creation of radical innovations, but rather the unusual,

distant ties, in other words, “the strength of weak ties” seems to prevail here. Another important variable of the net-

work structure is related to the cohesion of the inventor networks, as confirmed also by other works on the topic

(Capone et al., 2021; Innocenti et al., 2020; van der Wouden & Rigby, 2019), increasing the possibility of developing

innovations in general and also breakthrough inventions. At a preliminary analysis, it seems that cohesion and the

hierarchical structure of local inventors’ networks are more relevant for the overall production of innovations, while
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for breakthrough innovations seems that there are also other mechanisms in place that potentially cannot be grasped

with the analysis carried out. Other authors have also pointed out that explaining regional performance in terms of

breakthrough innovation requires a different hypothesis than explaining regional innovative performance in general

terms (Ejermo, 2009).

In conclusion, therefore, the general hypotheses of a positive contribution of network structure and diversity to

the overall production of innovations and breakthrough innovations are confirmed and diversified. This certainly

opens up new interesting questions which will require further efforts in the future.

It is then possible to underline also some limits of our work. First of all, the use of the Italian case and the pat-

ents included in the USPTO limit the study. An extension of the study to other European countries would allow fur-

ther generalizability of the results even if here it would be necessary to make an advance on the EPO database

through disambiguation algorithms of the inventors. Furthermore, even from the point of view of the

operationalization of the variables, it is possible to develop some further advances. Perhaps one of the most impor-

tant, concerns the result of social proximity (triadic closure), which should be confirmed with more precise measure-

ments of social phenomena, for example through kinship, parental bonds, etc. Unfortunately, this is not possible for

analysis on patents however, a positive result of social proximity could be hypothesized at least for the overall pat-

ents’ production as other authors reach through other different types of measurement (Breschi & Lenzi, 2016).

Finally, most literature on these themes prefers to measure diversity according to technological knowledge bases

(based for instance on patents IPC) and through the use of more complex methods (i.e., relatedness). Our choice was

instead to focus on the diversity of the local structure of the regions and for our point of view, it is a strength of the

paper, however, further development of the work could be realized in this direction.

In conclusion, this study represents an interesting advancement in trying to differentiate the role of knowledge

networks and diversity for overall and breakthrough innovations. Further studies in the future are certainly neces-

sary, but this line of research seems to be interesting and promising since this first work.

ORCID

Niccolò Innocenti https://orcid.org/0000-0001-8421-5479

Francesco Capone https://orcid.org/0000-0003-2000-3033

Luciana Lazzeretti https://orcid.org/0000-0002-9759-2289

Sergio Petralia https://orcid.org/0000-0001-5449-2758

ENDNOTES
1 The choice of using the USPTO database is motivated by two main reasons. First, the patenting in the US being more

complex and expensive can allow considering only the best innovations of the Italian inventors. Secondly, it is the only

database that presents homogeneous data, partly geo-referenced and disambiguated for such a long period (Petralia et al.,

2017).
2 However, all these works do not have geographically referenced patents, while in this work we are able to geo-localise

the Italian inventors (in USPTO) place of residents in Italy and realise an analysis at the provincial level in Italy.
3 Giannini et al. (2019) point out that these results differ from most of the empirical literature that stresses the importance

of related variety for the innovative performance of firms. They believe that one of the main problems is how related and

unrelated varieties are defined and measured.
4 This was done according to the inventors' residence and deliberately disregarding the location of the patent applicant

(as in Ter Wal, 2014). Large companies usually assign patents to their headquarters, even when the patent is developed in

one of the company's subsidiaries. Notwithstanding the possibility that some inventors might live in another region than

where they work, the inventor location is generally agreed to be a more reliable approximation of where the invention

was developed (Acs et al., 2002; Ejermo & Karlsson, 2006).
5 We have followed the most used approach to disambiguate the inventors, which usually apply a disambiguation algorithm

(Ventura et al., 2015; Van der Wouden, 2020). Investigating firstly if the inventor in the period 1972–1974 were also pre-

sent in the disambiguated database of 1975–2010 and then verified each inventor patent production in the decade, ana-

lysing if two inventors with the same name work in the same address and within the same subclass of IPC. If two
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inventors with the same name, same location and same subclass of IPC worked in two different patents were identified as

the same person. This was possible as patents developed by Italian inventors in the 3 years were only 2,800 patents with

4,500 inventors.
6 As the database by Li et al. (2014) regards the period 1975–2011, we manually disambiguated the inventors in the period

1972–1974.
7 These sub-populations of patents are usually selected as cohorts of patents in a technological field to provide a fair com-

parison between patents of the same age.
8 The data of R&D in 1981 was not available and we used the data in 1985.
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