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ABSTRACT

IZA DP No. 17206 AUGUST 2024

The Knowledge Spillover Theory of 
Entrepreneurship and Innovation 
(KSTE+I) Approach and the Advent of 
AI Technologies: Evidence from the 
European Regions*

In this paper we integrate the insights of the Knowledge Spillover Theory of Entrepreneurship 

and Innovation (KSTE+I) with Schumpeter’s idea that innovative entrepreneurs creatively 

apply available local knowledge, possibly mediated by Marshallian, Jacobian and Porter 

spillovers. In more detail, in this study we assess the degree of pervasiveness and the 

level of opportunities brought about by AI technologies by testing the possible correlation 

between the regional AI knowledge stock and the number of new innovative ventures 

(that is startups patenting in any technological field in the year of their foundation). 

Empirically, by focusing on 287 Nuts-2 European regions, we test whether the local AI stock 

of knowledge exerts an enabling role in fostering innovative entry within AI-related local 

industries (AI technologies as focused enablers) and within non AI-related local industries, 

as well (AI technologies as generalised enablers). Results from Negative Binomial fixed-

effect and Poisson fixed-effect regressions (controlled for a variety of concurrent drivers 

of entrepreneurship) reveal that the local AI knowledge stock does promote the spread of 

innovative startups, so supporting both the KSTE+I approach and the enabling role of AI 

technologies; however, this relationship is confirmed only with regard to the sole high-tech/

AI-related industries.
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1. Introduction 

As with previous instances of real or perceived technological revolutions, the advent of a new 

technology such as Artificial Intelligence (AI) inevitably raises concerns regarding its initial impact 

on employment and the society at large. Indeed, it is not uncommon for the emergence of an extremely 

new and pervasive technology to elicit more fears than hopes, sometimes leading to an overemphasis 

on its short-term negative implications rather than the long-term benefits of the structural changes it 

might bring about. However - at the current stage of the debate - the implications of AI are 

undetermined, leaving policymakers unable to envisage proper policies for the future.  

Although the academic debate is currently focusing on these general issues, the scope of this paper 

is different, as it addresses a novel and still unexplored research question. In particular, this study 

aims to investigate the tangible impact of AI knowledge as a catalyst for entrepreneurial activity 

centred around this technology. Our analysis focuses on the Nuts-2 European regions, a level of 

investigation that many scholars have identified as a viable proxy for the Entrepreneurial Ecosystem 

(Stam, 2015; Sussan and Acs, 2017; Lafuente et al., 2022). From a conceptual viewpoint, we integrate 

the insights of the Knowledge Spillover Theory of Entrepreneurship and Innovation (henceforth 

KSTE+I) - put forward by the seminal contribution of Acs et al. (2009) - with Schumpeter's idea that 

innovative entrepreneurs apply and transform available local knowledge. By doing so, we aim to 

provide a more in-depth understanding of how AI-driven knowledge spillovers can be associated with 

the widespread emergence of innovative firms in turn exploiting AI-based knowledge and therefore 

potentially mitigate some of the negative labor market impacts historically associated with 

technological revolutions. Indeed, innovative entrepreneurship has been demonstrated to exhibit a 

higher likelihood of survival and better occupational prospects compared to imitative (or even 

“defensive”) entrepreneurship (Lotti et al., 2003). 

Our approach not only extends the theoretical framework of KSTE+I but also situates it within the 

contemporary discourse on AI and its economic and social impacts. In particular, the empirical 

evidence presented in the subsequent sections of this paper indicates the presence of a virtuous 

interaction between knowledge creation and knowledge exploitation, facilitated by the dynamic 

interplay of spillovers and the formation of innovative firms. 

The paper is organised as follows. Section 2 provides a conceptual framework, placing particular 

emphasis on studies that have expanded upon the original Schumpeterian framework. Section 3 

details the methodological approach used to develop the unique dataset employed for the empirical 
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analysis. Section 4 outlines the econometric strategy. Section 5 provides a discussion of the empirical 

results, while Section 6 briefly concludes. 

2. Theoretical setting 

Ever since Joseph Schumpeter ([1911] 1934, 1939), there has been a widespread consensus on the 

role of innovation and the entrepreneur as a disturbance actor: contrary to Kirzner’s arguments (1973, 

1997), a Schumpeterian formulation of entrepreneur encompasses a subject, who turns inventions 

(knowledge) into innovations (economic, exploitable knowledge), triggering a process of “creative 

destruction” (Aghion & Howitt, 1992) and economic growth (Audretsch et al., 2006; Acs et al., 2009; 

Braunerhjelm et al., 2010). In this context, young, knowledge-intensive and innovative firms 

(Malerba & McKelvey, 2020) can be seen as playing the main role in the entrepreneurial process: by 

introducing dynamism and new technologies onto the market, they foster competition and, displacing 

inefficient firms, they trigger a selection mechanism. By the same token, this subset of new entrants 

is the main responsible for the emergence of new sectors (therefore, opportunities), wealth and job 

creation, net of any business stealing effect (Piva & Vivarelli, 2005; Decker et al., 2014; Damsgaard 

et al., 2017). In this vein, technological revolutions - as was the case of ICTs in the late decades of 

the past century and AI nowadays - the emergence of new sectors and innovative entry rates are highly 

correlated phenomena.  

 

2.1. The KSTE+I and the role of geographical proximity 

In describing the entrepreneurial process, an important contribution is provided by the Knowledge 

Spillover Theory of Entrepreneurship and Innovation (Acs et al., 2009; Carlsson et al, 2009, 

Braunerhjelm et al., 2010; Audretsch and Belitski, 2013): this theory represents a significant 

advancement in economic thought, building upon the foundations laid by Solow's Total Factor 

Productivity (TFP) Model (1956), Griliches’ (1984) Knowledge Production Function (KPF) 

approach, and Romer's (1990) Theory of Endogenous Growth (TEG). At its core, the Knowledge 

Spillover Theory of Entrepreneurship and Innovation (KSTE+I) enriches these theories by integrating 

the pivotal role of entrepreneurship in the transformation of potential commercially valuable 

knowledge into economically viable assets, thereby adding the “missing link” on knowledge 

spillovers between economic agents. 

Similar to its predecessors, KSTE+I operates under the premise that technological progress and 

knowledge accumulation serve as primary engines of economic advancement. However, it 

distinguishes itself by offering a comprehensive although indirect account of how TFP growth, which 
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quantifies output increases resulting from improved production methods while holding inputs 

constant, leads to accelerated economic growth through new firm formation. Thus, the KSTE+I adds 

a Schumpeterian flavour to the analysis of economic growth and structural change, by incorporating 

in the theoretical framework the function of innovative (creative) entrepreneurship. 

In the KSTE+I, in line with Schumpeter’s ([1911] 1934) view of innovation as a “disruptive force” 

and the entrepreneur as a “factor of disequilibrium”, technological breakthroughs are particularly 

advantageous for industries marked by a greater endowment of entrepreneurial capital. This is 

because new entrepreneurial ventures serve as catalysts for change, facilitating the utilization of 

knowledge generated but not directly exploited by established incumbents and academic institutions. 

Therefore, the creation of new innovative firms is assumed to be an “endogenous and creative 

response” to knowledge and opportunities generated within a given location (Acs et al., 2013; 

Antonelli & Colombelli, 2023; Colombelli et al., 2024). 

In essence, the KSTE+I not only enhances our understanding of economic growth but also 

underscores the critical role of entrepreneurial endeavours in harnessing the full potential of emerging 

knowledge and inventions for the prosperity of countries and regions. 

However, the process of translating research findings (inventions) into commercially viable 

knowledge (innovations) encounters substantial obstacles, which Carlsson et al. (2009) define as the 

“knowledge filter.” Moreover, the entire process is characterized by Knightian uncertainty (Knight, 

1921; Audretsch & Belitski, 2021), implying that the nature and timing of the economic outcomes 

derived from knowledge are unknown ex-ante. 

Therefore, in both academic and industrial spheres, the overarching challenge lies in bridging the 

gap between the creation of knowledge and its practical application in the marketplace; in overcoming 

the knowledge filter, spillovers play a crucial role.  Indeed, nurturing the possibility that knowledge 

spillovers generated by either industrial R&D or university research are captured by new ventures 

with a strong inclination towards innovation and creativity represents the optimal solution if one 

desires that (almost) all the potentially available knowledge created by the various actors in a given 

ecosystem is effectively utilized (Audretsch and Belitski, 2013). 

An in-depth comprehension of the mechanisms underpinning the exploitation of knowledge 

generated but not directly utilized by established firms and academic institutions by new innovative 

firms can be achieved by examining three principal theoretical frameworks pertaining to the dynamics 

of knowledge flows and spillovers. These frameworks underscore the significance of geographic 

and/or industry proximity in facilitating general knowledge flows. The first framework - rooted in the 

works of Alfred Marshall (1920), Kenneth Arrow (1962), and Paul Romer (1990) - accentuates that 

knowledge spillovers are more pronounced within the same industry and geographical region, thereby 
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easing knowledge transfers and enabling the aggregation of skilled labor. The second framework, 

advocated by Jane Jacobs (1961), posits that knowledge emanating from diverse industries in close 

geographic proximity stimulates innovation and productivity growth within a region, leading to the 

formation of innovation hubs, in turn generating agglomeration externalities. The third framework, 

espoused by Michael Porter (1990) and consonant with the preceding two, contends that knowledge 

spillovers in specialized industries concentrated geographically propel growth through vigorous 

competition and continual advancements. Regardless of the preferred approach, geography does play 

a crucial role: indeed, knowledge flows - which constitute the precondition to knowledge spillovers - 

tend to be localized (Audretsch & Feldman, 1996).  

In fact, the role of regions and places have been reassessed by the emergence of a stream of 

literature at the intersection of the KSTE+I and Entrepreneurial Ecosystem approaches: a lot of effort 

has been devoted to investigating the factors within Entrepreneurial Ecosystems (Stam, 2015) that 

spur, first of all, knowledge flows and, secondly, knowledge spillovers. Among all, critical factors 

are: the degree of diversity, both of industries but especially of people; the level of competition; the 

presence of an entrepreneurial and agency culture; the structure and density of the network connecting 

agents (that might further reinforce general knowledge flows); the presence of supportive institutions 

and laws (Carbonara et al., 2018; Qian, 2018; Morris et al., 2023); the degree of coherence and 

relatedness of the regional knowledge base (Colombelli & Quatraro, 2018). 

In summary, both the regional and sectoral contexts are significant in the process that links the 

creation of new knowledge to the dissemination of a portion of it through spillovers, and ultimately 

to its utilization by entrepreneur-innovators who transform it into new products/services, or into more 

efficient processes.  

 

2.2. The role of technology 

The KSTE+I approach - while being illuminating in highlighting the channels and hindrances 

characterizing the localised spillover effects and the role of innovative startups - remains very general 

as far as technology is concerned. Technological breakthroughs, radical innovations or even changes 

in technological paradigms (Dosi, 1982 and 1988) can be seen as powerful triggers of spillovers and 

start-ups in industries and regions characterised by a greater endowment of potential entrepreneurial 

capital. Indeed, the emergence of new technologies might trigger new dynamism, particularly among 

individuals better endowed with entrepreneurial absorptive capacity exploiting these new 

opportunities (Qian & Acs, 2013). In sum, the explicative power of the KSTE+I approach in giving 

account of economic growth should be particularly pronounced when technological change 
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accelerates, thereby increasing the technological stock which is recognized as the key engine of 

growth (Antonelli et al., 2023). 

Recently, a theoretical debate has arisen, focusing on the characteristics of Artificial Intelligence 

and the so-called Fourth Industrial Revolution (4IR) technologies; specifically, this literature stream 

discusses whether or not the latter should be considered a general enabling factor (Chalmers et al., 

2021; Shepherd & Majchrzak, 2022, Giuggioli & Pellegrini, 2022; Davidsson & Sufyan, 2023), a 

general-purpose technology (Obschonka & Audretsch, 2020; Eloundou, T., 2023) and a new 

technological revolution (Rifkin, 2011; Schwab, 2017; Cetrulo & Nuvolari, 2019; Lee & Lee, 2021; 

Santarelli et al., 2023). 

More in particular, Artificial Intelligence is thought to be “the next GPT” (Trajtenberg, 2019) 

because of its high pervasiveness throughout the entire economy and versatility, thus enabling the 

creation of an ecosystem of complementary innovations and viable opportunities. This line of 

reasoning traces back to the definition of “general-purpose technology” (Bresnahan & Trajtenberg, 

1995), whereby comparisons can be made with respect to electricity and the internet, underscoring 

the AI's similar broad applicability and transformative impacts. Indeed, AI technologies are 

increasingly integrated across diverse industries, impacting everything from healthcare and finance 

to manufacturing and education. AI's versatility stems from its ability to perform a vast range of tasks, 

from automating mundane processes to providing advanced analytics and decision-making support 

(Dwivedi et al., 2021). Moreover, its pervasiveness is not only related to potential widespread 

adoption but also to innovation itself, as AI acts as a catalyst for further innovation by spurring the 

emergence of new related or complementary products and services (Van Roy et al., 2020; Obschonka 

& Audretsch, 2020), thus functioning as a “bridging platform” (Grashof & Kopka, 2023) between 

previously unconnected technological domains. 

This enabling characteristic is even more pronounced if one looks at the role of AI and 4IR 

technologies in the innovation process itself; they solve the so-called needle-in-a-hystack problem by 

accelerating the transition from inquiry to data-driven research as the knowledge burden increases 

(Bianchini et al., 2022; Agrawal et al., 2019; Cockburn et al., 2019), whereby research costs can be 

considered an increasing function of the degree of complexity of the knowledge base upon which a 

field relies (Fleming, 2001), hampering knowledge recombination practices. For this reason, in 

addition to being a GPT, AI is also defined as a general-purpose invention in the methods of invention 

(GP-IMI). This human-AI collaboration can lead to breakthroughs in scientific research in general, 

whereby AI, by analysing complex datasets and unveiling hidden structures that would otherwise 

remain undiscovered, might help scientists develop and generate new ideas (Haefner et al., 2021) that 

might then be commercialised. This line of reasoning also applies to would-be entrepreneurs outside 
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the scientific realm: AI provides powerful tools to explore and exploit new innovative business 

opportunities, helping them to innovate, optimise operations, and create value in novel ways (Fossen 

et al., 2024; Chalmers et al., 2021). 

Therefore, AI knowledge should be considered extremely useful for innovative startups in general, 

across industries, for several reasons: a) according to their ability to create new AI-related products 

and services in upstream industries (core AI industries); b) due to their capability of spawning 

complementary innovations in industries characterised by a related technological paradigm, thanks 

to its cross-sectoral pervasiveness; c) as a consequence of their capacity to enable other – either 

product or process – innovations in downstream industries. 

Summing up, high AI-related technological opportunities across the entire economy might be 

triggering the emergence of new innovative firms that capitalise on them due to their high 

pervasiveness. In this process, knowledge spillovers might play a crucial role according to: i) the high 

cumulativeness of AI knowledge at the local level, given its localised nature (Audretsch & Feldman, 

1996); ii) the low appropriability of the benefits stemming from AI inventions, as they are GP-IMI 

(Cockburn et al., 2019; Schotchmer, 2004); iii) the non-rivalry in use of AI technological knowledge 

(Dosi & Nelson, 2023). 

However, so far, discourses regarding the pervasiveness of AI technologies, their enabling nature, 

the amount of opportunity they entail, as well as their alleged role within innovation processes remain 

mainly theoretical. For this reason, in this study an explicit attempt is made to test the degree of 

pervasiveness and the level of opportunities brought about by AI technologies, trying to trace 

knowledge spillovers at the regional level by correlating the regional AI knowledge stock and the 

number of new innovative ventures. This perspective offers an ideal technological context where 

Marshallian, Jacobian and Porter spillovers (see above) and innovative startups should fully exert 

their driving roles in enhancing innovation and economic growth. In so doing, we provide a practical 

test of the KSTE+I framework, once singled out AI technologies as the key trigger factor. 

In this context, the region where new AI technologies are produced is anticipated to experience an 

increase in innovative startups, with the magnitude of this effect mediated by knowledge and spillover 

characteristics. It is important to note that the enabling role of AI technologies is assessed by their 

potential to foster innovative entry in general (that is new innovative ventures patenting in any 

technological field, see next sections).  

In more detail, by taking a technology-based perspective related to a specific geographical area, 

we will first test whether the accumulation of AI knowledge (measured in terms of AI patents) is 

promoting the creation of new innovative ventures at the same regional level and in AI-related 

industries. In doing so, we relate the regional AI knowledge stock to innovative startups in general 
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(that is new ventures innovating in any technological field) but belonging to high-tech/AI-related 

industries. This means that we test the enabling role of AI technologies focusing on the 

complementary innovations arising within those sectors. This perspective can be summarized in our 

Hypothesis 1: 

 

Hypothesis 1: The local AI stock of knowledge exerts an enabling role in fostering innovative 

entry within AI-related local industries (AI technologies as focused enablers). 

 

Moreover, if AI technologies are GPTs and GP-IMI, extensively pervasive, and create generalized 

opportunities throughout the economy, then there should be a positive correlation between the AI 

knowledge stock and the number of innovative startups at the regional level, regardless of the sector 

in which new ventures operate. This leads to our second hypothesis: 

 

Hypothesis 2: The local AI stock of knowledge also exerts an enabling role in fostering innovative 

entry in non AI-related local industries (AI technologies as generalised enablers). 

 

 

3. Data and methodology 

Taking into account the discussion and hypotheses put forward in the previous section, our 

empirical analysis is aimed at testing the level of opportunities (and possible pervasiveness) brought 

about by AI technologies, firstly, by creating an AI regional knowledge stock capable of capturing 

the locus where these technologies are actually created and, secondly, by explaining regional 

innovative entrepreneurial engagement as a function of AI opportunities captured by this stock. We 

focus on European Nuts-2 regions, given the role of geographical proximity in generating knowledge 

spillovers (broadly discussed in Section 2). 

 

3.1. Knowledge stocks 

The first step aims at constructing the regional AI knowledge stock. Building on prior literature 

(Colombelli & Quatraro, 2018; Colombelli, 2016) and bearing in mind the limitations of patent 
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measures1, we used patents to proxy AI knowledge. AI patent applications were retrieved using text-

mining techniques, therefore looking for the occurrence of a given keyword in either the abstract or 

title. The list of keywords is borrowed from Damioli et al. (2024): we embrace this list as it comprises 

the entire ecosystem of technologies revolving around the macro-field of AI (Vannuccini & Prytkova, 

2024). Furthermore, in addition to what has previously been proposed by the authors, in Table 1 

keywords are grouped according to the macro technological areas to which they pertain, following 

previous studies showing the complexity of the AI field (Cockburn et al., 2019; van Eck & Waltman, 

2007). These partitions are created to maximise the within-similarity among keywords. In particular, 

“Learning Systems” include technologies capable of learning from raw data and making predictions; 

“Symbolic Systems” include technologies capable of understanding world phenomena by interpreting 

symbols; “Autonomous Systems” and “Robotics” are two different groups of technologies, but close 

in terms of functional definition, as they can be defined as “actuators”2; “Virtual and Augmented 

Reality” are technologies typically used to test the performance of a given technology, such as robots 

or quadrotors; “Big Data and IoT” represents a group of technologies normally functional to the 

previous ones, as they are a network of interconnected devices that collect and exchange huge amount 

of data. This grouping, as well as the inclusion of all the keywords proposed by Damioli et al. (2024), 

is highly consistent with the definition of an “AI system” provided by the High-Level Expert Group 

on Artificial Intelligence (2019)3. 

All AI patent applications, applied all around the world from 1990 to 20194, were retrieved using 

Patstat database (2021 version). However, our approach differs from the one used in some previous 

studies, as we did not simply geolocate patent applications; instead, we used DOCDB patent families5. 

In the Patstat database every patent belongs to a DOCDB family: these contain and group applications 

that claim the same “active” priority and, therefore, are considered to have the same technological 

content (Martinez, 2010). Using patent families instead of applications avoids inflating the resulting 

knowledge stock indicator, as patents within the same family are then counted only once. All patent 

 
1 In particular: patents can be used strategically, not every invention is patented and their usage is sector-specific. 
However, as far as our analysis is concerned, patenting is the most reliable indicator capable of providing us with a 
consistent mapping of AI-related knowledge. 
2 Actuators are technologies that perform the physical movement or control within a system. They receive a signal and 
respond by producing a specific motion or action, often involving movement or the manipulation of an object. 
3 “Artificial intelligence (Al) refers to systems that display intelligent behaviour by analysing their environment and taking 
actions - with some degree of autonomy - to achieve specific goals. Al-based systems can be purely software-based, acting 
in the virtual world (e.g. voice assistants, image analysis software, search engines, speech and face recognition systems) 
or Al can be embedded in hardware devices (e.g. advanced robots, autonomous cars, drones or Internet of Things 
applications)” (High-level Expert Group on Artificial Intelligence, 2019). 
4 As we adopt the 2021 version of Patstat database, the year 2020 is affected by severe truncation. 
5 The acronym "DOCDB" stands for "Documentation Database". It is a master database managed by the European Patent 
Office (EPO) that consolidates and standardizes patent bibliographic data from numerous patent offices worldwide. This 
database facilitates comprehensive patent searches and analyses by providing a unified format for patent information from 
different jurisdictions. 
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families were geolocalised using a methodology similar to the one proposed by de Rassenfosse et al. 

(2019). For this purpose, inventors’ addresses were employed to capture: a) the locus where the 

invention was created6; b) regions boasting the presence of AI specialists and, therefore AI technical 

knowledge. As we retrieved all AI patents available on Patstat and then aggregated the analysis to the 

family level, an iterative procedure was followed: first, all the inventors within each family were 

identified; second, those with a European address were singled out; third, all AI patents families not 

having at least one European inventor were dropped. Since a large share of addresses are missing in 

Patstat, this database was integrated using two other sources: PatentsView and Regpat 7 . This 

procedure resulted in 29,344 patent families successfully geolocalised with priority year between 

1990 and 2019; the fractional counting method was used in order to attribute to each region its actual 

contribution to the invention and, thus, avoid inflation problems in the case of multiple inventors 

residing in different regions. 

Then to build our indicator concerning the AI knowledge stock, the “permanent inventory method” 

(P.I.M.) was employed. In every Nuts-2 region, every year, the total AI knowledge generation is given 

by: 

𝑊_𝐴𝐼௜௧ =  ෍ 𝑤_𝐴𝐼௝௜௧

௡

௝ୀଵ

 (1) 

where 𝑤_𝐴𝐼௝௜௧ is the actual contribution of region i in patent family j having a priority year t resulting 

from the fractional counting procedure. Then, the P.I.M. is recursively computed: 

𝐾_𝐴𝐼௜௧ =  
𝐾_𝐴𝐼௜௧ିଵ

(1 + 𝛿)
+ 𝑊_𝐴𝐼௜௧ (2) 

where the AI knowledge stock in time t and region i, is given by the sum of the discounted AI 

knowledge stock in t-1 with the total AI technical knowledge produced in t. The discount rate was set 

to 𝛿 = 0.15 following Hall et. al. (2005). 

As stated in the theoretical setting, taking a technology-based perspective means analysing a 

specific set of technologies (in our case AI) to grasp their characteristics as well as the entrepreneurial 

opportunities they create. However, this approach might be somehow naïve if one does not take into 

account the possible more general technological drivers that might affect entrepreneurial 

opportunities. With the aim of capturing the sole AI-related entrepreneurial opportunities, ICT patents 

are also retrieved, to control for the overall regional “digital” knowledge endowment. Indeed, as 

 
6 As shown by Maraut et al. (2008) and de Rassenfosse et al. (2019), the inventor’s address usually indicates where the 
invention was made: it often indicates a laboratory, a research establishment, or the place of residence of the inventor. 
7 The first one covers USPTO patents, the second one WIPO and EPO patents. 
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shown by previous studies: a) ICTs and AI technologies seem to share the same knowledge base 

(Santarelli et al., 2023); b) AI is not a radical break from the past but tends to rely on previous 

knowledge and technologies, in particular ICTs (Cetrulo & Nuvolari, 2019; Lee & Lee, 2021); c) 

ICTs have been shown to generate entrepreneurial opportunities (von Briel et al., 2018; Song, 2019; 

Colombelli et al., 2024). Leveraging on these pieces of evidence, ICT patents are retrieved following 

the same procedure described above but using a list of IPC codes provided by Inaba & Squicciarini 

(2017): taking the same reference period, 619,757 ICT patent families have been geolocalised8. Then 

the ICT knowledge stock has been computed; both the AI and ICT stocks are normalised for 100,000 

inhabitants. 

As expected, AI and ICT stocks reveal a high geographical correlation (ρ = 0.71), which is highly 

consistent with results provided by Xiao and Boschma (2023) showing that local infrastructure and 

capabilities related to ICTs serve as a “digital base” for the development of AI knowledge in Europe. 

This piece of evidence, however, makes inadequate to introduce both knowledge indicators into the 

same empirical model due to multicollinearity problems. Therefore, in addition to the simple AI 

knowledge stock, we also computed the AI knowledge share as: 

𝐾_𝐴𝐼_𝑠ℎ𝑎𝑟𝑒௜௧ =  
𝐾_𝐴𝐼௜௧

𝐾_𝐴𝐼௜௧ +  𝐾_𝐼𝐶𝑇௜௧
 (3) 

While acknowledging that such an indicator constitutes an imperfect strategy to fully control for the 

impact of ICT knowledge, it will be aimed at testing whether regions with a higher share of AI 

knowledge, given the total knowledge concerning “digital” technologies, experience a higher amount 

of innovative entry. 

 

3.2. Other Knowledge-related indicators 

As discussed in the relevant literature, AI knowledge is rather complex; therefore, we tried to take 

into account the qualitative complexity of this stock by creating other variables. First, following the 

insights provided by Prytkova & Vannuccini (2024) on the systemic nature of AI, an attempt is made 

to build a variable meant to capture the structure of the AI knowledge stock. In this sense, according 

to the grouping of keywords proposed in Table 1, we decomposed the AI knowledge stock into its 

components; each patent family has been assigned to one of the six groups according to the keyword 

appearing either in the abstract or in the title (see Table 1). Therefore, six different knowledge stocks 

 
8 As expected, some patent families classified as AI were also found in ICT ones: this evidence further reinforces the 
correlation between the two fields. For this work, overlapping patent families were dropped from the ICT group, thus 
giving priority to the AI patent retrieval procedure. 
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were computed, one for each group, and then the share of each stock over the total AI knowledge. 

Using these shares, an entropy index was computed by implementing the Shannon entropy measure, 

given by: 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦_𝐴𝐼௜௧ =  − ෍ 𝑠௜௝௧ ∗ 𝑙𝑜𝑔ଶ(𝑠௜௝௧)
଺

௜ୀଵ

 (4) 

where 𝑠௜௝௧ represents the share of technology j in year t in the AI stock of region i. We allowed this 

measure to vary over time to account for variation in the AI stock composition. The higher the index, 

the higher the balance of the AI stock composition. In other words, this index shows whether the AI 

knowledge stock in a given region is concentrated in a few specific technologies (low value) or is 

diversified across many technologies (high value). If the argument proposed by Vannuccini & 

Prytkova (2024) holds, then a positive coefficient in affecting innovative entry is expected; this may 

also be in line with the Jacobian externality argument (see Section 2) as well as with the “recombinant 

knowledge approach” (Colombelli & Quatraro, 2018). 

Furthermore, as suggested by Cockburn et al. (2019) and Bianchini et al. (2022), among all AI 

technologies, neural networks (NNs) are thought to be the most radical and the ones from which the 

highest number of technological opportunities should stem from9. To investigate if knowledge related 

to NN technologies, per se, is able to spur the creation of innovative firms, we singled out NN 

families: namely, patents in which the keyword “neural network” appears. Then, we computed the 

NN knowledge stock as well as the the NN knowledge share, given by: 

𝐾_𝑁𝑁_𝑠ℎ𝑎𝑟𝑒௜௧ =  
𝐾_𝑁𝑁௜௧

𝐾_𝐴𝐼௜௧
 (5) 

where the numerator refers to the NN knowledge stock and the denominator to the overall AI 

knowledge stock. Given that this measure might be rather limited as it only comprises NN knowledge, 

we also embraced a more general definition and considered, alternatively, the knowledge related to 

Learning Systems as well as its share10. 

 
9  In particular, NNs belong to a subfield of Machine Learning, namely Deep Learning, whereby these models 
automatically learn hierarchical representations from raw data by composing multiple layers of transformations, where 
each layer is composed of multiple artificial neurons (Russell & Norvig, 2016). NNs excel in various tasks, especially in 
those involving complex patterns, large datasets, and unstructured data types; these tools are highly pervasive and 
versatile, with their application spanning from quantum physics to medicine. As in Bianchini et al. (2022), their transversal 
and cross-sectoral applicability is given by their capability to help shoulder the knowledge burden that curtails scientific 
progress, thus influencing both “search” and “discovery” processes, by: a) predicting which pieces of knowledge and 
information are most relevant in a certain field (i.e., NN-based recommender systems, transformational learning); b) 
discovering hidden associations between existing studies, where the combination of the latter may produce new valuable 
ideas (i.e., literature-based discovery, machine reading). 
10 As in Table 3, these variables are called K_LEARNING and K_LEARNING_share, respectively. 
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3.3. Innovative entry 

Following the tradition concerning the KSTE+I literature, the dependent variable should be able 

to capture the spillover effect; in other words, the response variable should proxy the response of 

would-be innovative entrepreneurs to opportunities stemming from knowledge and technologies 

created within a given context. Taking a meso-regional approach, some studies have used self-

employment rates (Acs et al., 2009), however, this indicator is far from measuring the outcome of 

knowledge spillovers, since a large portion of self-employment is made by non-innovative or even 

defensive entrepreneurs (Baumol, 1990). 

Another approach would be to measure the number of new entrants in a given region (Bishop, 

2012). However, the process of new venture formation, as thoroughly discussed by prior literature, is 

noisy, with entry and exit rates being highly correlated: indeed, not all new firms are “good” and 

innovative (Audretsch et al., 1999; Vivarelli, 2004; Santarelli & Vivarelli, 2007; Vivarelli, 2013). 

Therefore, the alleged positive correlation between a given knowledge base (in our case AI patenting) 

and entry rates does not confirm, per se, the KSTE&I approach11.  

Therefore, to focus on real Schumpeterian startups, other studies focused on new entrants in high-

tech sectors (Colombelli & Quatraro, 2018), new firm formation in knowledge-intensive sectors 

(Bonaccorsi et al., 2013) or the number of innovative start-ups (Colombelli, 2016; Colombelli et al., 

2023; Colombelli et al., 2024). Consistently, we adopt a definition capable of proxying the number 

of new innovative firms in European Nuts-2 regions; unfortunately, at the European level, no 

predefined measure is available. 

Therefore, we followed previous studies that used patenting activities to tag a new firm as 

innovative (Breschi et al., 2000; Breschi et al., 2014): we define “innovative entry” a firm that applies 

for a patent within the year of its incorporation in any technological field. In so doing, we restrict our 

focus to the observation units where the “spillover effect” is most likely to be found. To build this 

series, we relied upon Orbis and Orbis IP data, where the historical patent portfolio of each firm 

incorporated between 1990 and 2020 was evaluated. In particular, as a first step, all firms born 

 
11 To illustrate the argument, consider a region characterized by a rich knowledge base and also featuring high entry rates. 
It could be the case that such a correlation may well be due to a “trial-and-error” strategy (Jovanovic, 1982), resulting in 
a mere entry of “revolving door” firms (Santarelli & Vivarelli, 2007). Or, to give another interpretation put forward in 
the field of economic geography, firms may tend to locate in zones because previous locations of similar firms act as a 
strong “signal” of the opportunities lying in that area (Maggioni, M., 2002); this could be explained by referring to the 
so-called “herd effect” (Hsieh & Vermeulen, 2014). In either scenario, one can cast several doubts on the alleged role of 
these new ventures as a Schumpeterian “disruptive force”. In a nutshell, “to be born is not enough” (Colombelli et al., 
2016) for at least two reasons: first, new ventures are doomed to early failure and, on average, their likelihood of survival 
after 5 years from incorporation is 50% (a joint analysis of start-ups’ growth and survival is provided in Audretsch et al., 
1999). Second, the majority of new entrants are inefficient and short-living, whereby most of the survivors rapidly evolve 
into “zombie firms” (McGowan et al., 2018). 
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between 1990 and 2020 were retrieved from Orbis and, after a match with Orbis IP database, firms 

not having at least one patent were removed. As a second step, a patent portfolio for each firm was 

built, comprising all patent applications the firm applied for; finally, only firms having a patent 

application in the year of their incorporation were retained. This led to the identification of 27,378 

new innovative firms that were then aggregated at the Nuts-2 level: therefore, the “innovative entry” 

variable represents the count of new innovative firms in European Nuts-2 regions. We remain 

agnostic as to the technological field in which new firms patent in accordance with our hypotheses 

stated at the end of Section 2; indeed, our scope is to detect the alleged enabling role of AI 

technologies in fostering new ventures engaged in any kind of innovative activities.  

In order to test our hypotheses, we introduced a sectoral split: the ”innovative entry” variable was 

divided according to the main NACE code of the new entrant; in particular, new ventures entering 

into AI-related industries were separated from new entries in NON-AI industries, whereby AI 

industries are identified by the ten most frequent12 NACE codes at the family level within the sample 

of our geolocated AI patents, using applicants as a reference. This split is of crucial importance. One 

could argue that AI-related industries are those in which these technologies have offered more 

opportunities, as they represent sectors that produce core and complementary technologies for AI 

development, as well as related applications (our Hypothesis 1: AI technologies as focused enablers). 

However, it is also relevant to test whether entrepreneurial opportunities are arising in other 

industries13, given the alleged general-purpose nature of AI (our Hypothesis 2: AI technologies as 

generalised enablers). Therefore, we will argue that a positive correlation between the AI knowledge 

stock and new innovative entries in AI-related industries would support Hypothesis 1, whereas a 

positive correlation between the AI knowledge stock and the number of new innovative firms in non-

AI-related industries would support Hypothesis 2, thereby confirming the extensive GP nature of AI 

and its IMI characteristics (Cockburn et al., 2019). 

The ten AI-related industries are shown in Table 2: the number of occurrences represents the 

appearances of a given Nace code within an AI patent family. The emerging picture is rather 

consistent with the results provided in Santarelli et al. (2023) for the US. 

 

3.4. Control variables 

We controlled for several factors that may be correlated with the creation of innovative new firms, 

whose effects might otherwise bias the coefficients of our key knowledge variables. 

 
12 Above the mean number of occurrences. 
13 Presumably downstream, adopting industries, therefore capturing vertical spillovers. 
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First, we controlled for the population density of Nuts-2 regions considered in our sample. This 

measure controls for agglomeration economies, which might indirectly capture knowledge flows 

among individuals: a higher density would mean that individuals live in close proximity, which might 

further affect the exchange of ideas by creating clusters (Cao et al., 2023). This indicator is given by: 

𝑃𝑂𝑃_𝐷𝐸𝑁𝑆௜௧ =  
𝑃𝑂𝑃௜௧

𝑇𝑂𝑇_𝐴𝑅𝐸𝐴௜
 (6) 

where the numerator refers to the population in region i and year t, whereas the numerator indicates 

the total area of the relevant Nuts-2 region in square kilometres14. 

Second, as shown by prior literature, the presence of universities within regions may be a channel 

that: i) attracts talents and feed the ecosystem with highly skilled individuals (Colombelli et al., 2023); 

ii) facilitates knowledge transfer processes from academia to the private sector, as universities are 

increasingly paying attention to commercialization activities (Carree et al., 2014); iii) might spawn 

academic spin-offs. To this end, we controlled for the number of universities per square kilometer as: 

𝑈𝑁𝐼𝑉_𝐷𝐸𝑁𝑆௜௧ =  
𝑈𝑁𝐼𝑉_𝐶𝑂𝑈𝑁𝑇௜௧

𝑇𝑂𝑇_𝐴𝑅𝐸𝐴௜
 (7) 

where the numerator represents the count of universities in region i and year t, while the denominator 

is as in (6). 

Third, the entrepreneurship literature has suggested that a driver of new venture creation is the 

“entrepreneurial and agency culture” of a given region (Parker, 2018a; Carbonara et al., 2018; 

Audretsch, 2023). As in prior literature, we try to operationalise this construct by introducing in the 

estimates the self-employment rates: 

𝑆𝐸𝐿𝐹_𝐸𝑀𝑃𝐿_𝑅𝐴𝑇𝐸௜௧ =  
𝑆𝐸𝐿𝐹_𝐸𝑀𝑃𝐿௜௧

𝑇𝑂𝑇_𝐸𝑀𝑃𝐿௜௧
 (8) 

where the numerator depicts the number of self-employed individuals (both with and without 

employees) and the denominator the overall employment in region i and year t. 

Fourth, a long tradition in the entrepreneurship and industrial dynamics literature refers to studying 

the relationship between unemployment and new firm formation (Foti & Vivarelli, 1994; Audretsch 

& Vivarelli, 1995; Santarelli et al., 2009). Following prior results, the “escape from unemployment” 

hypothesis has been formulated: high unemployment rates might indicate a lack of alternatives in 

paid employment, therefore pushing individuals into self-employment. While this channel is unlikely 

 
14 For constructing all series, we adopted the 2021 Nuts version. 
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promoting innovative entry, there might be another support to the abovementioned hypothesis: high 

unemployment might trigger the creation of new firms as it would be cheaper to hire workers, 

whereby labor is the primary input for newly born firms. We introduce the unemployment rate to 

control for such mechanisms, given by:  

𝑈𝑁𝐸𝑀𝑃_𝑅𝐴𝑇𝐸௜௧ =  
𝑈𝑁𝐸𝑀𝑃௜௧

𝑇𝐿𝐹௜௧
 (9) 

where the numerator refers to the total number of unemployed individuals and the denominator 

indicates the civilian total labor force, expressed as the economically active population in region i 

and year t. 

Fifth, we controlled for the share of High-Tech employment in a given region for different reasons. 

First of all, it might originate spin-out entrepreneurs (Klepper, 2009; Adams et al., 2016; Qian, 2018; 

Adams et al., 2019), as knowledge and opportunities may abound in those industries. Furthermore, 

as AI knowledge has a wide variety of applications - thus hinting at their complexity - a higher share 

of high-tech employment might also capture a higher regional absorptive capacity (Cohen & 

Levinthal, 1990) of the AI knowledge locally produced. This variable is given by: 

𝐻𝑇_𝐸𝑀𝑃𝐿_𝑆𝐻𝐴𝑅𝐸௜௧ =  
𝐻𝑇_𝐸𝑀𝑃𝐿௜௧

𝑇𝑂𝑇_𝐸𝑀𝑃𝐿௜௧
 (10) 

where the numerator is the employment in High-Tech manufacturing15 and Knowledge-Intensive 

services16, whereas the denominator is as in (8). 

Sixth, one concern might be that our knowledge indicators might be highly correlated with the 

overall inventiveness and knowledge produced within regions (Acs, 2009); therefore, to account for 

that, we control for the regional R&D intensity, expressed as: 

𝑅&𝐷_𝐼𝑁𝑇௜௧ =  
𝐺𝐸𝑅𝐷௜௧

𝐺𝑉𝐴௜௧
 (11) 

whereby the numerator represents the gross R&D expenditures (considering all sectors) and the 

denominator the gross value added of region i, in year t. 

Seventh, standard occupational choice models (Knight, 1921; Lucas, 1978; Parker, 2018b) show 

that the choice between paid employment and self-employment is mainly driven by a comparing the 

utility stemming from a fixed wage, as determined by the labor market, and the utility stemming from 

 
15 Nace 21 and 26. 
16 Nace 50, 51, 58 to 63, 64 to 66, 69 to 75, 78, 80, 84 to 93. 
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expected profits in self-employment. To account for such a mechanism, we introduced the average 

hourly compensation of employees, given by: 

𝐶𝑂𝑀𝑃_𝑃𝐻௜௧ =  
𝐴𝑉. 𝐶𝑂𝑀𝑃𝐸𝑁𝑆𝐴𝑇𝐼𝑂𝑁௜௧

𝐴𝑉. 𝐻𝑂𝑈𝑅𝑆_𝑊𝑂𝑅𝐾𝐸𝐷௜௧
 (12) 

where the numerator indicates the average compensation of employees, whereas the denominator the 

average number of hours worked in region i and year t. 

Finally, the entrepreneurship literature has suggested that there might be some relationship 

between migration and entrepreneurship (Naudé et al., 2017; Parker, 2018a). We control for the net 

migration rate to account for the intensification of knowledge flows with respect to higher level of 

migration in a given region, which might result in further spillovers. This index is expressed as: 

𝑀𝐼𝐺_𝑅𝐴𝑇𝐸௜௧ =  
𝐼𝑀𝑀௜௧ − 𝐸𝑀𝐼௜௧

𝑃𝑂𝑃௜௧
 (13) 

where the numerator is given by the total number of immigrants minus the total number of emigrants, 

while the denominator represents the total population of region i in year t.  

A comprehensive list of variables, as well as the sources used to build them, is provided in Table 

3. For data availability issues, the final dataset resulted in an unbalanced panel with 287 Nuts-2 

European regions, observed from 2000 to 202017; therefore, the number of new innovative firms (as 

defined in Section 3.3) drops to 19,655 for this period. Table 4 reports summary statistics; as will be 

described in the next section, we adopt a lagged model, so the “innovative entry” series is observed 

until 2020, while all other variables are collected until 201918. 

 

 

4. Econometric Strategy 

As far as our econometric strategy is concerned, one must point out the count nature of our 

dependent variables, being the number of new innovative firms in AI and NON-AI Industries. 

Moreover, the width of our dataset allows us to include both time and regional fixed effects, thus 

netting out unobservable factors that might otherwise bias the coefficients of the variables of interest. 

Therefore, Poisson and Negative binomial models with fixed effects are natural candidates. 

 
17 Indeed, data on control variables for 1990-1999 are not available. Although such a procedure led to losing the first ten 
years of our dataset, on the one hand, we managed to collect enough control variables to reduce the bias in the coefficients 
of our knowledge indicators and, on the other hand, we can still leverage on a twenty-years period to test our hypotheses 
(indeed, the time span central to the diffusion of AI technologies). 
18 This explains the difference in observations in Table 4 for the “innovative entry” series and the other variables. 
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Econometric scholars have argued, however, that: i) the conditional Negative Binomial Fixed-Effect 

(NBFE) estimator, as proposed by Hausman, Hall, and Griliches (1984), has peculiar properties which 

make it unreliable as it does not control for all stable covariates. In this respect, unconditional NBFE 

models have been shown to perform better in capturing fixed effects by estimating them (Allison & 

Waterman, 2002); ii) the Poisson Fixed-Effect (PFE) estimator is still robust to unconditional 

overdispersion once fixed effects are controlled for (Correia et al., 2019; Guimaraes, 2008; 

Wooldridge, 1999). Taking stock of this debate, we present results for both unconditional NBFE and 

PFE, on the one hand, to be certain that our results are not determined by either estimator and, on the 

other hand, to test for the robustness and consistency of our findings. 

Taking into account what discussed in Section 3, we propose two specifications. As regards the 

first one, three main explanatory variables are considered: i) the AI knowledge stock; b) the AI 

knowledge share; c) the entropy index measuring the diversity of the AI knowledge stock. Therefore, 

we estimate the following model: 

𝐸[𝐸𝑁𝑇𝑅𝑌௜௧ | 𝜃] = exp (𝛽ଵ𝐾஺ூ௜௧ିଵ + 𝛽ଶ𝐾஺ூೞ೓ೌೝ೐ ௜௧ିଵ
+ 𝛽ଷ𝐸𝑛𝑡𝑟𝑜𝑝𝑦஺ூ௜௧ିଵ +  ෍ 𝛽𝑋௜௧ିଵ

଼

௜ୀଵ

+ 𝜏௧ + 𝜑௜

+ 𝜀௜௧) 

(14) 

Furthermore, with the aim of better understanding entrepreneurial opportunities generated by NNs 

and learning systems (see Section 3.2), we propose a second specification where four main 

explanatory variables are considered: i) the NN knowledge stock; ii) the NN knowledge share; iii) 

the Learning Systems knowledge stock; iv) the Learning System knowledge share. This resulted in 

the following model: 

𝐸[𝐸𝑁𝑇𝑅𝑌௜௧ | 𝜃] = exp (𝛽ଵ𝐾ேே௜௧ିଵ + 𝛽ଶ𝐾ேேೞ೓ೌೝ೐ ௜௧ିଵ
+  𝛽ଷ𝐾௅௘௔௥௡௜௡௚௜௧ିଵ

+ 𝛽ସ𝐾௅௘௔௥௡௜௡௚ೞ೓ೌೝ೐ ௜௧ିଵ

+ ෍ 𝛽𝑋௜௧ିଵ

଼

௜ୀଵ

+ 𝜏௧ + 𝜑௜ + 𝜀௜௧) 
(15) 

Both models are estimated for AI-related and non-AI-related industries to check for differences in 

the coefficients and test our key hypotheses (see Section 2); note that all regressors are lagged by one 

year19. Furthermore, each model includes the controls introduced above, time and Nuts-2 fixed 

effects. 

 

 
19 The lag allows spillovers to operate and avoids possible endogeneity. However, our stock/flow specification (the 
cumulated stock of AI knowledge affecting the innovative entry flow) is intrinsically robust to endogeneity issues. 
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5. Regression results 

Starting from the first specification, Table 5 shows the results of the estimates for the Poisson 

model. Looking at AI-related industries, the AI knowledge stock is positive and significant (p<0.01 

– column 1; p<0.001 – column 2), confirming our idea that AI technologies have created significant 

opportunities within industries characterised by knowledge bases capable of exploiting them. 

Focusing our attention on the AI knowledge share, we still confirm the result provided above even 

after controlling for the overall digital knowledge: AI technologies are delivering opportunities in AI 

sectors besides ICT-related knowledge as the coefficient is positive and significant (p<0.01 – column 

3; p<0.01 – column 4). However, since the AI knowledge stock and the AI knowledge share have 

two different scales, the magnitude of the effects cannot be compared; despite that, there is a 

confirmation of Hypothesis 1 stated in Section 2.2 for AI-related industries. As regards the entropy 

measure, results show a positive and significant coefficient (p<0.001 – column 2; p<0.001 – column 

3); this is in line with the argument proposed by Vannuccini & Prytkova (2024), whereby the higher 

the variety, the more the opportunities and therefore the number of new innovative entrants 

capitalising on them in a recombinant fashion (Weitzman, 1998; Colombelli & Quatraro, 2018).  

However, if one focuses on non-AI-related industries a very different picture emerges: while all 

being positive, not even a single key regressor is significant at the 5%. Therefore, Hypothesis 2 stated 

in Section 2.2 concerning non-AI-related industries is rejected. 

On the whole, the enabling nature of AI technologies is supported but limited to the high-tech/AI-

related industries (AI as focused enablers) 

Table 6 reports the coefficients of the first specification using the unconditional NBFE, and results 

for AI-related industries are statistically equivalent, with the main difference being the level of 

significance of the AI knowledge stock in column 1 (p<0.05) and the AI share in column 4 (p<0.05); 

however, coefficients are all significant at least at the 5% level of confidence. Regarding non-AI 

Industries, none of the indicators are significant, confirming the evidence in Table 5. 

As regards the second specification, whereby we focus our attention on a specific technology, 

namely NNs, results are shown in Tables 7 and 8. Focusing on Table 7 (PFE model) and looking at 

AI-related industries, the NN knowledge stock is positively and significantly correlated with the 

creation of new innovative firms (p<0.001); however, when using the NN knowledge share as the 

main explanatory variable, this indicator turns out insignificant. A similar pattern emerges when using 

the Learning System knowledge indicator: the stock is positive and significant (p<0.001), although 

halved in terms of magnitude, whereas the share is not significant. This piece of evidence further 

confirms the results provided in Tables 5 and 6 concerning the entropy measure: more entrepreneurial 
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and technological opportunities are created when regional knowledge stocks are variegated in terms 

of technological knowledge. Looking at non-AI-related industries, results confirm the lack of a 

generalised spillover: even focusing on a specific, general-purpose technology, it seems that NN-

related knowledge is not so useful outside AI-related industries as it does not create exploitable 

opportunities. Considering the results shown in Table 8 obtained estimating a NBFE model, 

coefficients are almost identical both in terms of significance and magnitude. 

Briefly looking at the control variables, it could be argued that: first, agglomeration economies are 

only relevant for firms entering non-AI-related industries. Second, the unemployment rate is never 

significant, confirming that the firms we are dealing with can be defined as Schumpeterian (Santarelli 

& Vivarelli, 2007; Vivarelli, 2013). Third, the number of universities fails to be significant, which 

could hint that there is a huge heterogeneity within academia in terms of quality across European 

regions (Bonaccorsi et al., 2014; Carree et al., 2014). Fourth, the self-employment rate is generally 

non-significant and shows an unexpected sign, casting some doubts about the goodness of such an 

indicator to proxy the “entrepreneurial culture” of a region (Poschke, 2019). Fifth, High-tech 

employment seems to be of some importance for all new innovative entrants (regardless of the 

industrial classification), which supports both the spin-off hypothesis and the knowledge flows 

argument. Sixth – somehow surprisingly – R&D intensity is not significant; this outcome might be 

due to the presence of R&D laboratories located in large corporations massively leveraging on 

different appropriability tools (Kotsios et al., 2015). Seventh, as regards the migration rate, it is 

positively and significantly correlated only with new entrants in AI industries: perhaps, in non-AI-

related industries knowledge flows stemming from agglomeration economies are more important, 

whereas in AI industries a more crucial role is played by cross-border knowledge flows. Finally, 

considering the average hourly compensation, the coefficients have the expected sign – negative – 

but are only significant for non-AI-related industries: this could mean that opportunities in AI 

industries may be so high that would-be entrepreneurs do not consider higher wages as particularly 

crucial. 

 

 

6. Conclusions 

In this paper we integrate the insights of the Knowledge Spillover Theory of Entrepreneurship and 

Innovation with Schumpeter's idea that innovative entrepreneurs creatively apply available local 

knowledge, possibly mediated by Marshallian, Jacobian and Porter spillovers. However, while 

previous literature (discussed in Section 2) has widely proved that technological revolutions are the 
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ideal terrain where innovative entry can fully play its creative/destructive role, the KSTE+I approach 

- while being illuminating in highlighting the channels and hindrances characterising the 

geographically localised spillover effects and the role of innovative startups (see Section 2.1) - 

remains very general as far as the particular nature of technology is concerned. On the other hand, 

the current debate about the advent of AI technologies, their alleged pervasiveness, their enabling 

nature and the amount of opportunities they entail remain mainly theoretical (see Section 2.2). 

To fill these gaps in the extant literature, in this study we assess the degree of pervasiveness and 

the level of opportunities brought about by AI technologies by testing the possible correlation 

between the regional AI knowledge stock and the number of new innovative ventures (that is startups 

patenting in any technological field in the year of their foundation). In so doing, we provide an 

empirical test of the KSTE+I framework, once isolated AI technologies as the key trigger factor. 

More in detail, focusing on 287 Nuts-2 European regions, we built the AI knowledge stocks using 

patent data; we geolocalised 19,655 new innovative firms (over the time span 2000-2020) and we 

tested whether the local AI stock of knowledge exerts an enabling role in fostering innovative entry 

within AI-related local industries (AI technologies as focused enablers) and within non AI-related 

local industries (AI technologies as generalised enablers). 

Results from Negative Binomial fixed-effect and Poisson fixed-effect regressions (controlled for 

a variety of concurrent drivers of entrepreneurship) reveal that the AI knowledge stock does promote 

the spread of innovative startups, so supporting both the KSTE+I approach and the enabling role of 

AI technologies; however, this relationship is confirmed for the sole high-tech/AI-related industries 

and not for the non-AI related sectors. Therefore, as far as our analysis is concerned, AI technologies 

emerge as focused (and not generalised) enablers. 

In terms of possible policy implications, these outcomes call for regional interventions supporting 

the generation and diffusion of AI technologies, being aware that increasing the local AI knowledge 

stock can generate spillovers able to foster innovative startups. Furthermore, such interventions 

should be directed towards creating a balanced knowledge stock, without neglecting the systemic 

nature of AI: overall, AI technologies may be seen as an infrastructural system, whose components 

synergically create a complex network which is more than the mere sum of its parts. However, 

policymakers should also be conscious that - for the time being - this enabling impact of AI 

technologies is limited to the high-tech/AI-related industries. 
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1 

Table 2. AI industries  
NACE 2-digit Description Occurrences 

26 Manufacture of computer, electronic and optical products 4327 
28 Manufacture of machinery and equipment n.e.c. 3687 
72 Scientific research and development 2760 
62 Computer programming, consultancy and related activities 2731 
29 Manufacture of motor vehicles, trailers and semi-trailers 2681 
27 Manufacture of electrical equipment 2175 
85 Education 1018 
71 Architectural and engineering activities; technical testing and analysis 992 
46 Wholesale trade, except of motor vehicles and motorcycles 949 
64 Financial service activities, except insurance and pension funding 913 

Note: The table displays the ten most frequent 2-digit NACE codes among applicants within the sample of  geolocalized AI patent 
families. The occurrences represent the raw count of  AI patent families associated with each NACE code, using the applicants as the 
reference. This classification mitigates inflation due to family size and is less influenced by strategic patenting activities, thereby 
providing a clearer depiction of  European industries producing AI technologies. 
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