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Abstract

In this paper, we integrate insights from the Knowledge Spillover Theory of Entrepreneur-
ship and Innovation (KSTE+1) with Schumpeter’s concept of the entrepreneur as a “factor
of disequilibrium”. Specifically, we examine whether there is a correlation between the
level of Artificial Intelligence (AI) knowledge available in a region and the number of
newly established innovative ventures, defined as startups that file patents in any techno-
logical field within the same year of their foundation. Empirically, we test for 287 Nuts-2
European regions whether the local Al stock of knowledge exerts an enabling role in
fostering innovative entry within Al-related local industries (Al technologies as focused
enablers) and within non-Al-related local industries (Al technologies as generalised en-
ablers). Results from fixed-effect regressions using Poisson and Negative Binomial models
- while controlling for a range of concurrent drivers of entrepreneurship - indicate that
the local stock of Al knowledge fosters the proliferation of innovative startups within
Al-related local industries. This finding supports both the KSTE+I framework and the
enabling role of Al technologies; however, it does not support the notion of Al technolo-
gies as generalised enablers.
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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 (Al) raises concerns regarding its impact on
society at large. The purportedly disruptive nature of this technology has sparked a new
wave of “technological anxiety” (Mokyr et al., 2015; Montobbio et al., 2024; Arenas Diaz
et al., 2024) triggered by its potential negative effects on the labour market. In this context,
a Goldman Sachs report predicts that Al could increase global GDP by 7% and boost pro-
ductivity by 1.5% over the next decade, but it may also place 300 million full-time jobs at
risk (Hatzius et al., 2023). Similarly, Eloundou et al. (2024) estimate that 80% of the U.S.
workforce could have at least 10% of their tasks impacted by the widespread adoption of
Generative Pre-trained Transformers, highlighting the general-purpose nature of Al

This perspective, however, overlooks the role of Schumpeterian entrepreneurship (Car-
bonara & Santarelli, 2023): innovative ventures leveraging opportunities stemming from
Al-related domains might contribute to labour-friendly product innovation or even create
whole new sectors, thereby offsetting short-term labour-saving effects. Indeed, Al technolo-
gies possess general-purpose capabilities and offer an innovative approach to knowledge
generation, which, in turn, can be harnessed in activities that create new and improved
employment opportunities. Aligned with the assumption that product innovation tends to
be labour-friendly (Vivarelli, 1995; Calvino & Virgillito, 2018), the overall positive net
employment effect may be largely driven by the emergence of new innovative firms in
upstream and related sectors that focus on the development of core Al and complementary
technologies (Damioli et al., 2024). This perspective also encompasses the enabling and
transformative characteristics of these technologies, which facilitate job creation in down-
stream sectors where they are adopted, as new firms emerge to capitalise on opportunities
generated by Al advancements (Chalmers et al., 2021).

While the motivation for this paper is grounded in the aforementioned discourses, it
addresses a novel and previously unexplored research question by examining the tangible
impact of Al knowledge as a catalyst for entrepreneurial activity centred on 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 & Acs, 2017; Lafuente et al., 2022). From a conceptual viewpoint, we integrate
insights of the Knowledge Spillover Theory of Entrepreneurship and Innovation (hence-
forth KSTE +1) (Acs et al., 2009) with the idea that innovative entrepreneurs utilise and
transform available local knowledge. In doing so, we provide a deeper understanding of
whether Al-driven technological change is associated with the widespread emergence of
innovative firms that leverage Al-based knowledge, potentially mitigating negative labour
market outcomes resulting from the diffusion of Al. Indeed, innovative ventures have been
demonstrated to exhibit a higher likelihood of survival and better occupational prospects
compared to imitative (or even “defensive”) ones (Lotti et al., 2003).

We do not assess whether Al represents a paradigmatic technological shift, nor do we
gauge the net employment effect in a general equilibrium setting whereby innovative entry
is considered. In contrast, we test the pervasiveness as well as the level of opportunities
brought about by Al technologies to understand the extent to which Artificial Intelligence
may spur the birth of innovative ventures. Such an aim is driven by the nature of Al, mainly
defined as a General-Purpose Technology (GPT) (Bresnahan & Trajtenberg, 1995; Tra-
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jtenberg, 2019) and a General-Purpose Invention in the Methods of Invention (GP-IMI)
(Agrawal et al., 2019; Cockburn et al., 2019).

To anticipate our results in a nutshell, the empirical evidence presented in 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 innova-
tive firms. The results of Poisson and Negative Binomial fixed-effect regressions reveal a
positive and significant relationship between Al-related knowledge indicators and the num-
ber of innovative startups at the local level; however, this effect is significant only within
Al-related industries. Furthermore, there is also evidence of the systemic and infrastructural
nature of Al: in this regard, regression results highlight the importance of a balanced Al
knowledge stock in order to generate entrepreneurial opportunities and avoid lock-ins.

The paper is organised as follows. Section 2 provides a conceptual framework. Sec-
tion 3 details the methodological approach used to develop the unique dataset employed for
the empirical analysis. Section 4 outlines the econometric strategy. Section 5 discusses the
empirical results, while Sect. 6 concludes.

2 Theoretical setting

Ever since Joseph Schumpeter ([1911] 1934, 1939), there has been a widespread consensus
on the role of the entrepreneur as a “factor of disequilibrium” who turns inventions (knowl-
edge) into innovations (knowledge of commercial value), triggering a process of “creative
destruction” (Aghion & Howitt, 1992) and fostering economic growth (Audretsch et al.,
2006; Acs et al., 2009; Braunerhjelm et al., 2009). In this context, young, knowledge-inten-
sive and innovative firms (Malerba & McKelvey, 2020) play the main role in the innovation
process: by introducing dynamism and new technologies onto the market, they foster com-
petition and, displacing inefficient firms, they trigger a selection mechanism. New entrants
are also the ones responsible for the emergence of new sectors (therefore, new products
and services), wealth and job creation, net of any business stealing effect (Piva & Vivarelli,
2005; Decker et al., 2014; Damsgaard et al., 2017). In this vein - as was the case of Informa-
tion and Communication Technologies (ICTs) in the late decades of the past century and Al
nowadays - technological revolutions, the emergence of new sectors and innovative entry
are highly correlated phenomena.

2.1 The KSTE +1 and the role of geographical proximity

The Knowledge Spillover Theory of Entrepreneurship and Innovation (Acs et al., 2009;
Carlsson et al., 2009; Braunerhjelm et al., 2009; Audretsch & Belitski, 2013) represents a
significant advancement in economic thought, adding a Schumpeterian flavour to 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 KSTE +1 view enriches these theories by integrating the pivotal role of entre-
preneurship in the transformation of potential commercially valuable knowledge into eco-
nomically viable assets, thereby adding the “missing link” on knowledge spillovers between
economic agents.
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Similar to its predecessors, the KSTE +1 approach states that technological progress and
knowledge accumulation are primary engines of economic advancement. However, it distin-
guishes itself by offering a comprehensive, although indirect, account of how TFP growth,
which quantifies output increases resulting from improved production methods while hold-
ing inputs constant, leads to accelerated economic growth through new firm formation.

In the KSTE +1 framework, 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 higher endowment
of entrepreneurial capital since new ventures serve as catalysts for change. Building on
Arrow’s insights (Arrow, 1962a), this inertia is explained by the characteristics of knowl-
edge, marked by high degrees of uncertainty and asymmetries. The process of translating
research findings (inventions) into commercially viable knowledge (innovations) is char-
acterised 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. Moreover, this characteristic renders the evaluation of ideas highly heterogeneous,
which is likely to vary according to individual differences (Acs et al., 2013), i.e., entrepre-
neurial absorptive capacity (Qian & Acs, 2013). Therefore, the creation of new innovative
firms is assumed to be an “endogenous and creative response” to unexploited knowledge
and opportunities generated within a given location (Acs et al., 2013; Antonelli & Colom-
belli, 2023; Colombelli et al., 2024). The availability of potential spillovers (unexploited
opportunities), in turn, is an increasing function of the width of the regional knowledge
stock.

Knowledge flows - which constitute the precondition to knowledge spillovers - tend to
be localised (Audretsch & Feldman, 1996). The absence of general knowledge flows might
be seen as a particular “knowledge filter” (Carlsson et al., 2009) that hampers the emergence
of knowledge spillover entrepreneurship. In this respect, different frameworks underscore
the significance of geographic proximity in facilitating general knowledge flows. Two pri-
mary conceptual frameworks pertaining to the dynamics of knowledge flows and spillovers
can be identified. The first framework—rooted in the works of Marshall (1920); Arrow,
(1962b); Romer (1990)—emphasises that “Marshallian spillovers” are more pronounced
within the same industry and geographic region. This proximity fosters knowledge transfers
and enables the concentration of skilled labour (Glaeser et al., 1992). The second frame-
work, advocated by Jacobs (1969), posits that local economic and cultural diversity are
the key drivers of innovation. The essential externality that emerges within cities arises
from the cross-fertilisation of ideas across different sectors. Consequently, as the division of
labour increases, so does the economy’s capacity to create new types of goods/services and
recombine existing activities in novel ways. Thus, “Jacobian spillovers” are stimulated by
the geographical proximity of diverse industries, which enables the formation of innovation
hubs by leveraging agglomeration externalities.

An extension of the KSTE +1I approach has investigated the factors within Entrepre-
neurial Ecosystems (Stam, 2015) that primarily drive knowledge flows and, secondarily,
facilitate knowledge spillovers. Among all factors, critical ones are the degree of diversity,
in terms of both industries and, more importantly, 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);
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the degree of coherence and relatedness of the regional knowledge base (Colombelli &
Quatraro, 2018).

2.2 The role of technology and the local endowment of GPTs

Technological breakthroughs, radical innovations or even changes in technological para-
digms (Dosi, 1982, 1988) can be seen as powerful triggers of spillovers and startups in
industries and regions characterised by a greater endowment of entrepreneurial capital.
Indeed, the emergence of new technologies might trigger new dynamism, particularly
among individuals better endowed with entrepreneurial absorptive capacity exploiting aris-
ing opportunities (Qian & Acs, 2013), whereby the breadth of such effects depends on the
pervasiveness of these innovations.

According to the KSTE +1, knowledge spillovers depend on the width of the knowledge
base (quantity) and its structure (quality); while these aspects are crucial, no mention is
made of the local endowment of GPTs or, in an evolutionary fashion, technologies pertain-
ing to the dominant technological paradigm. In this respect, the relation between the emer-
gence of cross-cutting technologies and the creation of new innovative ventures should be
magnified in regions where the local endowment of GPTs is abundant.

To date, GPTs endowment of regions has been shown to contribute to technological
diversification (Montresor & Quatraro, 2017) and influence the green transition (Cicerone
et al., 2023; Kopka & Grashof, 2022)1. However, no studies have investigated the relation-
ship between the local endowment of GPTs and the creation of new innovative ventures. In
this respect, the emergence of new innovative ventures is most likely to occurr in regions
with a greater endowment of GPTs. These regions possess a competitive advantage in the
knowledge and skills required for leveraging GPTs and may offer more opportunities for
innovative entrepreneurs to “do new things” or “do things that are already being done in a
new way” (Schumpeter, 1947) leveraging the broad applicability and transformative nature
of such GPTs. This line of reasoning underscores that not every region equally benefits from
the emergence of a new GPT (Kopka & Grashof, 2022).

In sum, the explicative power of the KSTE +1 approach in accounting for economic
growth through the creation of innovative ventures should be particularly pronounced in
regions where technological change (particularly the emergence of GPTs) accelerates,
thereby increasing their knowledge stock, which is in turn recognised as the key engine of
growth (Antonelli et al., 2023).

!n particular, Montresor and Quatraro (2017) analyse the relationship between the local endowment of Key

Enabling Technologies (European Commission, 2012) and the capability of regions to diversify in new tech-
nological domains. The authors find that KETs play an enabling role in increasing the capacity of regions
to branch into a wider set of new technologies, making “regional branching” less dependent on the role of
technological relatedness (Balland et al., 2019; Boschma et al., 2015). The other two studies focus more pre-
cisely on the implications of the local endowment of AI technologies on the green transition. In particular,
Cicerone et al. (2023) test whether the local endowment of Al technologies is positively correlated with the
regional specialisation in green technologies. Motivated by the general-purpose features of Al, the authors
show that the latter can help regions to remain green; in other words, results highlight a positive and signifi-
cant relationship between the Al knowledge stock and green-tech specialisation within regions, conditional
on the existence of prior green-tech specialisation experience. Finally, Kopka and Grashof (2022) inves-
tigate the relationship between the local endowment of Al technologies and regional energy consumption
patterns: the authors show that, while regions already specialised in brown industries increase their energy
consumption through the implementation of Al, the latter seems to reduce energy consumption in regions
whose technological knowledge stock is closely related to green technologies.
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2.3 The case of Al technologies

The debate regarding the characteristics of Al and the so-called Fourth Industrial Revolu-
tion (4IR) technologies discusses whether or not the latter should be considered a general
enabling factor (Chalmers et al., 2021; Shepherd & Majchrzak, 2022; Giuggioli & Pel-
legrini, 2023; Davidsson & Sufyan, 2023), a general-purpose technology (Obschonka &
Audretsch, 2020; Eloundou et al., 2024) or a new technological revolution (Rifkin, 2011;
Schwab, 2017; Cetrulo & Nuvolari, 2019; Lee & Lee, 2021; Santarelli et al., 2023).

Just as electricity and the internet were transformative technologies before it, Al is con-
sidered “the next GPT” (Trajtenberg, 2019) due to its extensive pervasiveness across the
entire economy and its versatility. This high level of adaptability facilitates the development
of an ecosystem of complementary innovations and viable opportunities. Indeed, Al tech-
nologies 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 Al 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 function-
ing as a “bridging platform” (Grashof & Kopka, 2023) between previously unconnected
technological domains (that is, Al as an “enabling” technology). Its extensive applicability
across diverse sectors is a key feature of Al: in automotive, with the rise of autonomous
vehicles; in agriculture, through agricultural robots and autonomous crop and soil monitor-
ing; in finance, with Al-driven credit scoring and fraud detection; in healthcare, including
robotic-assisted surgery and cancer diagnostics; in justice and security, with criminal risk
assessments and smart surveillance; and in education, through Al-powered virtual reality
models for distance learning (OECD, 2019).

The transformative and enabling impact of Al is especially clear in the innovation pro-
cess, where Neural Networks (NNs) 2 and Deep Learning technologies play a pivotal role.
They solve the so-called needle-in-a-haystack 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. Al, therefore,
is also defined as a general-purpose invention in the methods of invention (GP-IMI, also
called “meta-technologies”), which leads these technologies to determine a radical increase
in research productivity as they function as a general-purpose method to generate new

2In 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 transforma-
tions, 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 and LLMs).
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ideas and find unexploited opportunities. This human-AlI collaboration could lead to break-
throughs in scientific research in general, whereby Al, 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.

In this respect, Al technologies significantly lower the overall uncertainty that charac-
terises the innovative process by providing precise insights, improving predictive accuracy,
and enhancing decision-making capabilities at each stage of development (Agrawal et al.,
2022). Al as a GP-IMI technology, reduces the traditional trial-and-error typically associ-
ated with innovation, thereby accelerating its pace. Truong and Papagiannidis (2022) high-
light how Al enhances all stages of the innovation process: beyond idea generation, it aids in
screening and experimentation by analysing datasets, running simulations, and generating
predictive insights, which are increasingly trusted over human advisors (Keding & Meiss-
ner, 2021). Moreover, the convergence of Big Data, Robotics, and Deep Learning in labora-
tory automation significantly benefits scientific progress. Systems like the robot Adam at the
University of Aberystwyth, which discovered a compound effective against drug-resistant
malaria, showcase how Al enables independent scientific experiments, accelerating discov-
ery and cutting costs (Johnson et al., 2022). Finally, Al also streamlines development and
commercialisation by identifying market segments, optimising pricing, forecasting demand,
and enhancing marketing tactics, ensuring a more efficient path from concept to market
(Filler et al., 2022).

Turning our attention to the main focus of this study, all the factors discussed so far
crucially apply to would-be innovative entrepreneurs: indeed, Al offers powerful tools to
explore and seize the scope for innovation and new business opportunities, enabling them to
envisage and design innovation, optimise operations, and create value in novel ways (Fos-
sen et al., 2024; Chalmers et al., 2021).

Therefore, combining the above-mentioned characteristics, Al technologies should be
considered extremely useful for innovative startups in general, across industries, for several
reasons: (a) thanks to their ability to create new core Al products and services in upstream
industries (core Al industries); (b) due to their capability to spawn complementary inno-
vations in industries characterised by a related technological paradigm, thanks to their
cross-sectoral pervasiveness; (c) as a consequence of their capacity to enable other — either
product or process — innovations in both upstream and downstream industries.

2.4 Hypotheses development

We seek to assess the pervasiveness and opportunity potential introduced by Al technolo-
gies by examining the correlation between the regional stock of Al knowledge and the num-
ber of newly established innovative ventures. This focus offers an ideal context in which
knowledge spillovers and innovative startups are expected to play a central role in driving
innovation and economic growth. By identifying Al technologies as a key trigger, we pro-
vide a practical test of the KSTE +1 framework.

We assume that in regions with a higher endowment of AI knowledge, there is a greater
number of new innovative ventures due to: (i) the high cumulativeness of Al knowledge
at the local level, given its localised nature (Audretsch & Feldman, 1996); (ii) the low
appropriability of the benefits stemming from Al inventions, as they are GPTs and GP-IMI
(Cockburn et al., 2019; Scotchmer, 2004); (iii) the non-rivalrous nature of Al technological
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knowledge (Dosi & Nelson, 2023). Therefore, the regions where new Al technologies are
produced are anticipated to experience an increase in innovative startups, with the magni-
tude of this effect mediated by knowledge and technological characteristics.

While the enabling role of Al technologies is evaluated based on their capacity to foster
innovative entry in general (that is, new innovative ventures patenting in any technological
field), our objective is to determine whether this technology-push effect is broadly appli-
cable. To achieve this, we will differentiate between the enabling influence of these tech-
nologies in Al-related and non-Al-related sectors, thereby providing an indirect test of the
“Marshallian spillover” versus “Jacobian spillover” hypotheses.

In more detail, by taking a technology-based perspective related to a specific geographi-
cal area, we will first test whether the regional accumulation of Al knowledge (measured
in terms of Al patents) is promoting the creation of new innovative ventures in Al-related
industries. In doing so, we relate the regional Al knowledge stock to the number of inno-
vative startups belonging to high-tech/Al-related industries. This means that we test the
enabling role of Al technologies, focusing on core Al and complementary innovations aris-
ing within those sectors. This perspective can be summarised in our Hypothesis 1:

Hypothesis 1 The local Al stock of knowledge exerts an enabling role in fostering innova-
tive entry within Al-related local industries (Al technologies as focused enablers).

Moreover, if Al technologies are GPTs and GP-IMI, extensively pervasive, and create
generalised opportunities throughout the economy, then there should also be a positive
correlation between the Al knowledge stock and the number of innovative startups at the
regional level, regardless of the sector in which new ventures operate. Therefore, such a
technology-push effect should also be found in non-Al-related, downstream sectors. In this
respect, the adoption of these new technologies by firms operating in downstream industries
should open indirect, new, and unprecedented technological opportunities, as was the case
for previous GPTs. This leads to our second hypothesis:

Hypothesis 2 The local Al stock of knowledge also exerts an enabling role in fostering inno-
vative entry in non-Al-related local industries (Al technologies as generalised enablers).

In such a way, it would be possible to disentangle whether the enabling effects of Al tech-
nologies are sector-specific or more broadly applicable across various industries. This dis-
tinction is critical for understanding the broader implications of Al innovation on regional
economic development and innovative startup dynamics.

Furthermore, Neural Networks are regarded as some of the most radical and enabling
Al technologies, offering technological opportunities across various sectors (Cockburn et
al., 2019). Therefore, we subject the previously mentioned hypotheses to further examina-
tion, considering the specific transformative potential of neural networks to revolutionise a
wide array of industries. Essentially, if neural networks are generalised enablers, we should
expect to observe a positive correlation between advancements in this technology and the
emergence of new innovative firms in both Al-related and non-Al industries.
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3 Data and methodology

To test the level of opportunities (and possible pervasiveness) brought about by Al tech-
nologies at the level of the European NUTS-2 regions, we proceed, firstly, by creating an
Al regional knowledge stock capable of capturing the locus where these technologies are
created and, secondly, by explaining regional innovative entrepreneurial engagement as a
function of AI opportunities captured by this stock (controlling for several factors).

3.1 Knowledge stocks

The first step aims at constructing the regional Al knowledge stock. Building on prior litera-
ture (Colombelli & Quatraro, 2018; Colombelli, 2016) and bearing in mind the limitations
of patent measures®, we used patents to proxy Al knowledge. Al patent applications were
retrieved using text-mining techniques, by 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 Al field (Cockburn et al., 2019; van Eck & Waltman, 2007). These parti-
tions are created to maximise the within-group similarity. 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™; “Virtual
and Augmented Reality” are technologies typically used to test the performance of a given
artefact, such as robots or quadrotors; “Big Data and [oT” represents a group of technologies
normally functional to the previous ones, as they are a network of interconnected devices
that collect and exchange huge amounts 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 “Al system” provided by the High-Level Expert Group on Artificial Intelligence (2019)°.

All Al patent applications filed worldwide from 1990 to 2019° were retrieved using PAT-
STAT (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

3In 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, patents are a reliable indicator capable of providing
us with a consistent mapping of Al-related knowledge.

4 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.

S“Artificial intelligence (Al) refers to systems that display intelligent behaviour by analysing their environ-
ment 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).

®As we adopt the 2021 version of Patstat database, the year 2020 is affected by severe truncation.
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Table 1 AI keywords

Learning Systems Virtual and Autonomous Big data and Symbolic systems Robot-
Augmented Systems IoT ics
Reality
Artificial intelligen* Artificial realt* Autonomous car* Big data Computer vision Robot*
Bayesian model Augmented Automatic Data mining Face recognition
realit* classification
Computational Holographic Automatic control Data science Facial recognition
neuroscience display
Decision tree Mixed realit* Autonomous Internet of  Gesture
vehicle* things recognition
Deep learn* Virtual realit*  Self driv* Machine to  Natural language
machine* processing
Evolutionary Smart glasses ~ Unmanned aerial Neuro-linguistic
computation vehicle* programming
Knowledge Unmanned air- Object detection
representation craft system*
Machine intelligen* Unmanned Speech recognition
vehicle*
Machine learn* Voice recognition
Neural net* Sentiment Analysis

Predictive model*
Probabilistic model*
Random forest
Reinforcement learn*
Statistical learn*
Supervised learn*
Transfer learn*
Unsupervised learn*

The asterisk indicates the truncation of the term used during the text analysis

families’. In PATSTAT, 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, 2011). Using patent families instead of applications
avoids inflating the resulting knowledge stock indicator, as patents within the same family
are counted only once. All patent 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 (@) the locus where the invention was created®; (b) regions boast-
ing the presence of Al specialists and, therefore, Al technical knowledge. As we retrieved
all Al 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 identi-
fied; second, those with a European address were singled out; third, all Al patent families
not having at least one European inventor were dropped. Since a large share of addresses

"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.

8 As shown by Maraut et al. (2008) and de Rassenfosse et al. (2019), the inventor’s address usually indicates
where the invention was conceived: it often indicates a laboratory, a research establishment, or the place of
residence of the inventor.
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are missing in PATSTAT, this database was integrated using two other sources: PatentsView
and Regpat’. This procedure resulted in 29,344 patent families successfully geolocalised,
with priority years between 1990 and 2019. The fractional counting method was used for
attributing to each region its actual contribution to the invention, thereby avoiding inflation
problems in the case of multiple inventors residing in different regions.

Then, to build our indicator concerning the Al knowledge stock, the “permanent inven-
tory method” (P.I1.M.) was employed. In every NUTS-2 region, every year, the total Al
knowledge generation is given by:

W_AL, = > T w_Al, (1)

where w_ Al ;, 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 Al = %JFW Al 2)
— it (1+5) — it

where the Al knowledge stock in time # and region i is given by the sum of the discounted
Al knowledge stock in -7 and the total Al technical knowledge produced in ¢. The discount
rate was setto 6 = 0.15 following Hall et al. (2005).

As stated in the theoretical setting, taking a technology-based perspective means analys-
ing a specific set of technologies (in our case, Al) to grasp their characteristics as well as the
entrepreneurial opportunities they create. However, this approach might somehow be naive
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 Al-related entre-
preneurial opportunities, ICT patents are also retrieved to control for the overall regional
digital knowledge endowment. Indeed, as shown by previous studies: (@) ICTs and Al tech-
nologies seem to share the same knowledge base (Santarelli et al., 2023); (b) Al 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); (¢) ICTs have been shown to
generate entrepreneurial opportunities (von Briel et al., 2018; Song, 2019; Colombelli et al.,
2024). Leveraging these pieces of evidence, ICT patents are retrieved following the same
procedure described above but using a list of IPC codes provided by Inaba and Squicciarini
(2017). Taking the same reference period, 619,757 ICT patent families have been geolocal-
ised'®. Then, the ICT knowledge stock has been computed. Both the Al and ICT stocks are
normalised per 100,000 inhabitants.

As expected, Al and ICT stocks reveal a high geographical correlation (p =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
Al knowledge in Europe. This piece of evidence, however, makes it inadequate to introduce
both knowledge indicators into the same empirical model due to multicollinearity problems.

°The first one covers USPTO patents, the second one WIPO and EPO patents.

10 A5 expected, some patent families classified as AI were also found in ICT ones: this evidence further rein-
forces the correlation between the two fields. For this work, overlapping patent families were dropped from
the ICT group, thus giving priority to the Al patent retrieval procedure.
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Therefore, in addition to the simple Al knowledge stock, we also computed the Al knowl-
edge share as:

K _AI, ;
K_Al,+ K_ICT, )

K Al share;,, =

While acknowledging that such an indicator constitutes an imperfect strategy to fully con-
trol for the impact of ICT knowledge, it will be aimed at testing whether regions with a
higher share of Al 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, Al knowledge is complex (Cicerone et al., 2023);
therefore, we sought to capture the qualitative complexity of this stock by creating an
entropy index. In particular, following the insights provided by Prytkova & Vannuccini
(2024) on the systemic nature of Al, an attempt is made to build a variable meant to capture
the structure of the Al knowledge stock. In this sense, according to the grouping of key-
words proposed in Table 1, we decomposed the Al knowledge stock into its components:
each patent family was assigned to one of the six groups according to the keyword appear-
ing either in the abstract or in the title (see Table 1). Therefore, six different knowledge
stocks were computed, one for each group. Subsequently, we calculated the share of each
stock over the total Al knowledge. Using these shares, an entropy index was computed by
implementing the Shannon entropy measure, given by:

Entropy_AI, = — Z ?leijt *log, (sijt) @

where s;;; represents the share of technology j in year ¢ in the Al stock of region i. We
allowed this measure to vary over time to account for variations in the Al stock composition.
The higher the index, the higher the balance of the Al stock composition. In other words,
this index shows whether the Al 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 and Prytkova (2024) holds, then a positive coefficient
on this variable in explaining innovative entry is expected; this may also be in line with the
“recombinant knowledge approach” (Colombelli & Quatraro, 2018).

Furthermore, to investigate if knowledge related to NN technologies, per se, can 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 NN knowledge share, given by:

K NN,
K NN _share;, = ﬁ %)
_Aly

where the numerator refers to the NN knowledge stock and the denominator to the overall
Al knowledge stock. Given that this measure might be rather limited as it only comprises
NN knowledge, we also embraced a more general definition of such technologies and con-
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sidered, alternatively, the knowledge related to Learning Systems as well as its share'!,
which is meant to capture Machine and Deep Learning technologies.

3.3 Innovative entry

Following the tradition concerning the KSTE +I literature, the dependent variable is
expected to capture the spillover effect; in other words, the response variable should serve
as a proxy for 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 consists of 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, 2013;
Santarelli & Vivarelli, 2007). Therefore, the alleged positive correlation between a given
knowledge base (in our case, Al patenting) and entry rates does not confirm, per se, the
KSTE+I approach'?.

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., 2014) or the number of innovative startups (Colom-
belli, 2016; Colombelli et al., 2023, 2024). Consistently, we develop a definition capable of
proxying the number of new innovative firms in European NUTS-2 regions.

Therefore, we followed previous studies that used patenting activities to label a new firm
as innovative (Breschi et al., 2000, 2014): we define “innovative entry” as 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
occur. To build this series, we relied on 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 founded between 1990 and 2020 were retrieved from Orbis and, after
matching with the 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; and finally, only firms having a patent application in the year of their incor-

' As in Table 2, these variables are called K_LEARNING and K_LEARNING _share, respectively.

2To 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 Schum-
peterian “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
etal., 1999). Second, the majority of new entrants are inefficient and short-living, whereby most of the survi-
vors rapidly evolve into “zombie firms” (McGowan et al., 2018).
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poration 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 repre-
sents the count of new innovative firms in European NUTS-2 regions. We remain agnostic
as to the technological field in which new firms file patents, in accordance with our hypoth-
eses stated at the end of Sect. 2. Indeed, our scope is to detect the alleged enabling role of Al
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 new entrants. In particular,
new ventures entering Al-related industries were differentiated from new entrants in non-
Al industries. Al industries correspond to the ten most frequent'> NACE codes observed
among the applicants of our geolocalised Al patents, reflecting the sectors most commonly
represented by Al patenting firms. This split is of crucial importance. One could argue that
Al-related industries are those in which these technologies have offered more opportuni-
ties, as they represent sectors that produce core and complementary technologies for Al
development, as well as related applications (our Hypothesis 1: Al technologies as focused
enablers). However, it is also relevant to test whether entrepreneurial opportunities are aris-
ing in other industries'*, given the alleged general-purpose nature of Al (our Hypothesis 2:
Al technologies as generalised enablers). Therefore, we argue that a positive and significant
correlation between the Al knowledge stock and the number of new innovative firms in
Al-related industries would support Hypothesis 1. Conversely, a positive and significant
correlation with the number of new innovative ventures in non-Al industries would support
Hypothesis 2, thereby confirming the extensive GP nature of Al and its enabling character-
istics (Cockburn et al., 2019).

Table2 Al industries NACE Description Occur-
2-digit rences
26 Manufacture of computer, electronic and opti- 4327
cal products
28 Manufacture of machinery and equipment 3687
n.e.c.
72 Scientific research and development 2760
62 Computer programming, consultancy and 2731
related activities
The table displays the ten most 29 Man'ufac_ture of motor vehicles, trailers and 2681
frequent 2-digit NACE codes semi-trailers
among applicants within the 27 Manufacture of electrical equipment 2175
sample of geolocalised Al patent 85 Education 1018
families. This classification 71 Architectural and engineering activities; 992

mitigates inflation due to family
size, and is less influenced by
strategic patenting activities,

thereby providing a clearer . ; . . .
depiction of European industries 64 Financial service activities, except insurance 913

and pension funding

technical testing and analysis

46 Wholesale trade, except of motor vehicles and 949
motorcycles

producing Al technologies

13 Above the mean number of occurrences.

14 Presumably downstream, adopting industries, therefore capturing vertical spillovers.
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The ten Al-related industries are shown in Table 2: the number of occurrences reflects the
count of Al patent families in which each NACE code appears, based on the sectoral clas-
sification of applicants. The emerging picture is rather consistent with the results provided
by Santarelli et al. (2023) for the US and Igna and Venturini (2023) for Europe.

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.

First, we controlled for the population density of NUTS-2 regions considered in our
sample. This measure controls for agglomeration economies, which might indirectly cap-
ture knowledge flows among individuals: a higher density would mean that people live in
close proximity, which might further affect the exchange of ideas by creating clusters (Cao
et al., 2023). This indicator is given by:

POPy
POP_DENS,, = m 6)
where the numerator refers to the population in region i and year ¢, whereas the numerator
indicates the total area of the relevant NUTS-2 region in square kilometres'®.
Second, as shown by prior literature, the presence of universities within regions may be
a channel that (i) attracts talents and feeds 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 commercialisation activi-
ties (Carree et al., 2014); (iii) spawns academic spin-offs. To this end, we controlled for the
number of universities per square kilometre as:

UNIV_COUNT,,

UNIV_DENS; = —om=—r )

where the numerator represents the count of universities in region i and year ¢, 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 attempt to operationalise this construct
by introducing the self-employment rate in the estimates:

SELF_EMPL,

SELF_EMPL_RATE, = — oo ®)
— it

where the numerator depicts the number of self-employed individuals (both with and with-
out employees) and the denominator the overall employment in region 7 and year ¢.

Fourth, a well-established tradition in the entrepreneurship and industrial dynamics lit-
erature investigates the relationship between unemployment and new firm formation (Foti
& Vivarelli, 1994; Audretsch & Vivarelli, 1995; Santarelli et al., 2009). Following previous

13 For constructing all series, we adopted the 2021 Nuts version.
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findings, the “escape from unemployment” hypothesis has been formulated, suggesting that
high unemployment rates may signal a lack of alternatives in paid employment, thereby
pushing individuals toward self-employment. While this channel is unlikely to promote
innovative entry, an alternative rationale may still support a positive relationship between
unemployment and new firm formation: high unemployment rates may trigger the creation
of new firms as it would be cheaper to hire workers, since labour is a primary input for
newly born firms. We introduce the unemployment rate to control for such mechanisms,
given by:

UNEMP;
UNEMP_RATE,, = “TLF, )
where the numerator refers to the total number of unemployed individuals and the denomi-
nator corresponds to the civilian total labour force, expressed as the economically active
population in region i and year ¢.

Fifth, we controlled for the High-Tech employment share in a given region for several
reasons. Firstly, it may be associated with the creation of spin-out entrepreneurs (Klep-
per, 2009; Adams et al., 2016, 2019; Qian, 2018), as knowledge and opportunities may
abound in those industries. Furthermore, as Al knowledge has a wide variety of applications
- reflecting its inherent complexity - a higher share of high-tech employment might also
capture a greater regional absorptive capacity (Cohen & Levinthal, 1990) with respect to
locally produced Al knowledge. This variable is given by:

HT_EMPL,
HT_ _EMPL_SHARE, = WMPsz (10)
where the numerator is the employment in High-Tech manufacturing'® and Knowledge-
Intensive services'’, whereas the denominator is as in (8).

Sixth, one potential concern is that our knowledge indicators may be correlated with the
overall knowledge production and regional inventiveness (Acs et al., 2009). To address this
issue, we introduce two variables designed to capture distinct dimensions of regional inno-
vativeness. Firstly, we control for the regional R&D intensity, expressed as:

GERD;
R&D _INT,, = GVA, (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 . Additionally, we include the
number of patent families per 100,000 inhabitants to control for regional patent intensity'®.
The first indicator, R&D intensity, is an input to the innovation process. High R&D intensity
implies a commitment towards innovation; however, on the one hand, it does not guarantee
the production of any innovative input due to inherent uncertainty; on the other hand, it

16Nace 21 and 26.
17Nace 59 to 63 and 72.

18 For simplicity, we only considered patents applied at the European Patent Office, for which at least a Euro-
pean inventor is found.
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Table 3 Variables

Name

Description

Source

Entry Al

Entry NON_AI

K_Al

K_AI share
Entropy Al

K NN

K_NN_share
K_LEARNING
K_LEARNING_share

POP_DENS
UNEMP_RATE
UNIV_DENS

SELF_EMPL_RATE
HT EMPL_SHARE
R&D INT

MIG_RATE
COMP_PH

PAT _ACTIVITY

Count of new innovative firms within Al
industries

Count of new innovative firms within
NON-AI industries

Al knowledge stock per 100,000
inhabitants

Al knowledge as a share of total
knowledge

Entropy measure of the Al knowledge
stock

NN knowledge stock per 100,000
inhabitants

NN knowledge as a share of Al
knowledge

Learning Systems knowledge stock per
100,000 inhabitants

Learning Systems knowledge as a share
of Al knowledge

Population density, in logarithm
Unemployment rate

Number of universities per square
kilometer

Share of self-employed individuals
Share of high-tech employment

Ratio between R&D expenditures and
Gross Value Added

Net migration over total population on
1 st January

Average hourly compensation of
employees

Patent families per 100,000 inhabitants,
in logarithm

Author’s elaboration based on
Orbis and Orbis IP

Author’s elaboration based on
Orbis and Orbis IP

Author’s elaboration based on Pat-
stat, PatentsView and Regpat data

Author’s elaboration based on Pat-
stat, PatentsView and Regpat data

Author’s elaboration based on Pat-
stat, PatentsView and Regpat data

Author’s elaboration based on Pat-
stat, PatentsView and Regpat data

Author’s elaboration based on Pat-
stat, PatentsView and Regpat data

Author’s elaboration based on Pat-
stat, PatentsView and Regpat data

Author’s elaboration based on Pat-
stat, PatentsView and Regpat data

Ardeco and Eurostat
Ardeco and Eurostat
ETER database

Ardeco and Eurostat
Ardeco and Eurostat
Ardeco and Eurostat

Ardeco and Eurostat
Ardeco and Eurostat

Author’s elaboration based on
Regpat data

may reflect the presence of large incumbents which, in turn, could negatively affect the cre-
ation of new innovative firms. The second indicator is a flow-output measure'’: it captures
the quantity of novel ideas that are disclosed; nevertheless, since patents are a knowledge
appropriation mechanism, high values might identify a strong regional propensity to protect
inventions and appropriate economic returns (Ejdemo & Ortqvist, 2020). Therefore, the
expected relationship between these two indicators and the number of new innovative ven-
tures is not straightforward.

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 comparing the utility stemming from a fixed wage, as determined by the labour

19 We opted to include a flow measure (rather than a stock) since our objective is to control for the degree of
regional innovativeness by capturing the propensity to disclose innovative knowledge and protect the result-
ing invention. As discussed in Sect. 5, this complexity encapsulates our decision to include the squared term
of this variable: we aimed to control for non-linearities between regional patenting activity and the number
of new innovative ventures, which might otherwise bias our results.
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Table 4 Descriptive statistics Variable Obs Mean Std. Dev. Min Max
Entry_ Al 5623 1.768 2.627 0 25
Entry NON_AI 5623 1727 2395 0 28
K Al 5336 1.079 2.083 0 57.735
K_AI share 5336 0.049 0.05 0 0.82
Entropy Al 5336 1268 0.768 0 2.55
K NN 5336 0.095 0.441 0 20.01
K_NN_share 5336 0.085 0.15 0 1
K_LEARNING 5336 0.18 0.805 0 35.232
K_LEARNING share 5336 0.146 0.194 0 1
POP_DENS (log) 5336 5.045 1281 1 9.298
UNEMP_RATE 5336 0.077 0.046 0.011 0.4
UNIV_DENS 5336  0.005 0.027 0 0.404
SELF EMPL RATE 5336 0.148 0.064 0.036  0.497
HT EMPL 5336 0.039 0.019 0.005 0.128
RD_INT 5336 0.016 0.013 0.0005 0.118
MIG_RATE 5336 0.003 0.007 —0.092 0.079
COMP_PH 5336 22916 11.12 2.2 60.3
PAT ACTIVITY (log) 5336 1.928 1.1 0 462

market, and the utility stemming from expected profits in self-employment. To account for
such a mechanism, we introduced the average hourly compensation of employees, given by:

AV.COMPENSATION 0
AV.HOURS WORKED,, (12)

COMP_PH,, =

where the numerator indicates the average compensation of employees, whereas the denom-
inator represents the average number of hours worked in region 7 and year .

Finally, the entrepreneurship literature has suggested that there may be a relationship between
migration and entrepreneurship (Naudé et al., 2017; Parker, 2018a). We control for the net migra-
tion rate to account for the intensification of knowledge flows with respect to higher levels of
migration in a given region, which might result in further spillovers. This index is expressed as:

IMM;; — EMI;
MIG_RATE,, = —pop, 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 ¢.

A comprehensive list of the variables used in the present study is provided in Table 3. Due
to data availability issues, the final dataset resulted in an unbalanced panel with 287 NUTS-2
European regions®’, observed from 2000 to 2020%!. As a result, the number of new innovative

20ur empirical analysis includes 32 countries: AT, BE, BG, CH, CY, CZ, DE, DK, EE, EL, ES, FI, FR, HR,
HU, IE, IS, IT, LT, LU, LV, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK, UK.

2 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 twenty
years to test our hypotheses. This period is indeed central to the diffusion of Al technologies.
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firms (as defined in Sect. 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; accordingly, the “innovative
entry” series is observed until 2020, while all other variables are collected until 2019*%.

4 Econometric strategy

As far as our econometric strategy is concerned, it is important to note the count nature
of our dependent variables, corresponding to the number of new innovative firms in Al
and non-Al Industries. Therefore, Poisson and Negative Binomial models with fixed effects
are natural candidates. Econometric scholars have argued, however, that (i) the conditional
Negative Binomial Fixed-Effect (NBFE) estimator, as proposed by Hausman et al. (1984),
has peculiar properties which make it unreliable as it does not control for all unvarying fac-
tors. In this respect, unconditional NBFE models are considered more suitable for capturing
fixed effects, as they explicitly estimate them (Allison & Waterman, 2002). (ii) The Poisson
Fixed-Effect (PFE) estimator is still robust and consistent to unconditional overdispersion
once fixed effects are controlled for (Correia et al., 2020; Guimaraes, 2008; Wooldridge,
1999). Taking stock of this debate, we present results using the PFE model and, to test the
consistency of our estimates, we conduct robustness checks using the unconditional NBFE
estimator.

Taking into account the discussion in Sect. 3, we propose two empirical specifications.
As regards the first one, three main explanatory variables are considered: a) the Al knowl-
edge stock, b) the Al knowledge share, and c) the entropy index measuring the diversity of
the Al knowledge stock. Therefore, we estimate the following model:

B1K arit—1 + B2K AL, 0,0it—1 + BsEntropyarit—1

E[ENTRY} | 0] = exp (14)

9
+ Z/BXit—l + 7+ i i
i=1

Furthermore, with the aim of better understanding entrepreneurial opportunities gener-
ated by NNs and Learning Systems (see Sect. 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 leads to the following model:

BiENNit—1 + B2 KNN,areit—1 + B3K Learningit—1 + BaK Learninganareit—1
E[ENTRY;; | 0] = exp

(15)

9
+ Y BXu e ten
=1

Both models are estimated for Al-related and non-Al-related industries to check for differ-
ences in the coefficients and test our key hypotheses (see Sect. 2); note that all regressors

22This explains the difference in observations in Table 4 for the “innovative entry” series and the other
variables.
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are lagged by one year”®. Furthermore, each model includes the controls introduced above,
time and NUTS-2 fixed effects.

5 Regression results

Starting from the first specification, Table 5 shows the estimation results for the Poisson
fixed-effects model.

In Al-related industries, the Al knowledge stock is positive and significant (p< 0.001
— column 1; p< 0.001 — column 2), confirming our hypothesis that Al technologies have
generated significant opportunities within industries characterised by knowledge bases
capable of exploiting them. Focusing our attention on the Al knowledge share, we confirm
the results provided above even after controlling for the overall digital knowledge: Al tech-
nologies are delivering opportunities in Al sectors, beyond those explained by ICT-related
knowledge, as the coefficient is positive and significant (»p<0.01 — column 3; p<0.01 — col-
umn 4). However, since the Al knowledge stock and the Al knowledge share differ in scale,
the magnitude of the effects cannot be compared. On the whole, we find support for our
Hypothesis 1 for Al-related industries; this finding is indeed consistent with the idea that Al
knowledge generates “Marshallian spillovers”.

As regards the entropy measure, results show a positive and significant coefficient (p<
0.001 — column 2; p< 0.01 — column 4). This finding aligns with the argument proposed by
Vannuccini and Prytkova (2024): the more balanced the regional Al knowledge stock is in
terms of its components, the wider the set of opportunities. Therefore, a diverse and well-
distributed Al knowledge base appears to favour the emergence of new innovative players
capable of leveraging knowledge across related technological domains (Weitzman, 1998;
Colombelli & Quatraro, 2018).

When focusing on non-Al-related industries, a different picture emerges: although both
the Al knowledge stock and share indicators are positive (columns 5, 6, 7 and 8), they are
not statistically significant at the 5% level. Therefore, Hypothesis 2 concerning non-Al-
related industries is rejected, and the presence of “Jacobian spillovers” is not supported.
Furthermore, the coefficients associated with the entropy index (columns 6 and 8) are also
not significant.

Overall, these results confirm that Al technologies play a crucial enabling role, but
primarily within high-tech and Al-related industries. This finding highlights the selec-
tive impact of Al: while Al knowledge stock significantly fosters new ventures in sectors
equipped to leverage it, its influence is limited in scope, primarily benefiting industries with
existing technological infrastructure and knowledge aligned with Al innovation.

As regards the second specification, which focuses on NNs and Learning Systems, the
results from the Poisson fixed-effects model are reported in Table 6.

In columns 1, 3, 5, and 7, where the NN and Learning Systems knowledge stocks are
used, we control for the Al knowledge share; this is meant to reduce the omitted variable
bias. Despite being used as a control variable, the coefficient of the Al knowledge share
mimics the results provided in Table 5 (positive and significant for Al industries, not signifi-

23 The lag allows spillovers to operate and avoids possible endogeneity. However, our stock/flow specifica-
tion (the cumulated stock of Al knowledge affecting the innovative entry flow) is intrinsically robust to
endogeneity issues.
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cant for non-Al industries). Focusing on Al-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 indica-
tor turns out negative and not significant. A similar pattern emerges when using Learning
Systems knowledge indicators: the coefficient of the stock is positive and significant (p<
0.001), although its magnitude is nearly halved, whereas the share is negative and not sig-
nificant. This piece of evidence further confirms the results provided in Table 5 concerning
the entropy measure: more entrepreneurial and technological opportunities emerge from
diverse and balanced regional Al knowledge stocks. While Machine and Deep Learning
technologies appear to be key, high-impact components of the Al knowledge stock (as indi-
cated by their larger coefficients), they should ideally be complemented with other Al tech-
nologies, such as Big Data processing, Symbolic systems, or Robotics, to fully realise their
enabling potential. This explains the negative and insignificant coefficients of the NN and
Learning System knowledge share indicators.

Looking at non-Al industries, results confirm the lack of a generalised (Jacobian) spill-
over: even focusing on a specific, allegedly general-purpose technology, it seems that NN-
related knowledge is not significantly impactful outside Al-related industries as it does not
create exploitable opportunities.

For the sake of robustness, Tables 7 and 8 report the estimates of the unconditional Nega-
tive Binomial fixed-effects model; overall, results are statistically equivalent.

In particular, Table 7 provides results for the first specification: as regards Al-related
industries, both coefficients of the Al knowledge stock and share are positive and statis-
tically significant, with the main difference being the significance level (at p< 0.05). As
regards the entropy measure, we fully confirm the results provided by the Poisson fixed-
effects model. None of the indicators is significant for non-Al Industries, corroborating the
evidence presented in Table 5. The results in Table 8, corresponding to the second specifica-
tion estimated using the NBFE model, show coefficients nearly identical in magnitude to
those in Table 6. The primary difference lies in the significance levels of the Neural Network
and Learning Systems knowledge stock coefficients, which are now significant at 5% level
(»<0.05).

Looking at the control variables, it could be argued that, first, agglomeration economies
are not relevant for new innovative ventures in both Al and non-Al industries, highlighting
that such a dimension does not play a pivotal role in explaining the emergence of innovative
startups. Second, the unemployment rate is never statistically significant, which confirms
the interpretation that the firms under analysis can be characterised as Schumpeterian (San-
tarelli & Vivarelli, 2007; Vivarelli, 2013). Third, the university density is overall positive
and significant for both Al and non-Al industries, underscoring universities’ crucial role in
driving innovation. This influence likely stems from universities’ contributions to economic
knowledge generation (i.e., innovations) and their role in providing a diversified pool of
specialised talent (Bonaccorsi et al., 2014; Carree et al., 2014). Fourth, the self-employment
rate is generally non-significant and shows an unexpected sign, casting doubts about the
validity of this indicator as a proxy for the “entrepreneurial culture” of a region (Poschke,
2019). Fifth, high-tech employment seems to be of some importance for new innovative
entrants in Al industries, which supports both the spin-off hypothesis and the knowledge
flows argument; however, this variable turns out to be not significant at the 5% level for
non-Al industries. This evidence may reflect our industrial partitions. Sixth — somehow
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surprisingly — R&D intensity is not significantly correlated with the number of new innova-
tive ventures. This outcome might be due to the presence of R&D laboratories located in
large corporations that, while producing knowledge, might raise barriers to entry (Kotsios
et al., 2015). Another interpretation is that, once controlling for the overall regional patent-
ing activity, R&D activities do not tend to generate further spillovers. Turning to the sec-
ond indicator capturing regional innovativeness, we find evidence of a non-linear, inverted
U-shaped relationship between overall patenting activity and the number of new innovative
firms, consistent across industries. This suggests that while a moderate level of patenting
activity might stimulate entrepreneurial activity by signalling a vibrant and innovative envi-
ronment, excessive patenting leads to a reduction in the number of new innovative firms
due to increased patent protection. In such a case, new innovative firms would need to
navigate complex patent landscapes, increasing costs and risks. Seventh, the migration rate
is positively and significantly correlated only with new entrants in Al industries: perhaps
in non-Al industries, knowledge flows stemming from other sources might be more rele-
vant (i.e. university knowledge transfers), whereas in Al industries cross-border knowledge
flows also play an important role, probably hinting at the complexity of the knowledge base
characterising these sectors. Eighth, considering the average hourly compensation, the coef-
ficients have the expected sign — negative — but these are not significant for either industry
groups: this could mean that innovative ventures and prospective entrepreneurs are spurred
by factors beyond the mere monetary compensation. This might especially be the case for
entrepreneurs entering the market with an innovation, as in our empirical setting.

6 Conclusions

In this paper, we assess the degree of pervasiveness and the level of opportunities brought
about by Al technologies by testing the correlation between the regional Al knowledge
stock and the number of new innovative ventures. In more detail, focusing on 287 NUTS-2
European regions, we measure Al knowledge stocks using patent data, geolocate 19,655
new innovative firms (over the period 2000-2020), and examine whether the local stock of
Al knowledge facilitates innovative entry within both Al-related local industries (viewing
Al technologies as focused enablers) and non-Al-related local industries (Al technologies
as generalised enablers). Results from Negative Binomial fixed-effect and Poisson fixed-
effect regressions (controlling for a variety of concurrent drivers of entrepreneurship) reveal
that the Al knowledge stock does promote the spread of innovative startups, supporting
both the KSTE +1 approach and the enabling role of Al, highlighting that these technologies
have enabled new innovative activities to date. However, this relationship is only confirmed
for high-tech/Al-related industries. Therefore, Al technologies emerge as focused (and not
generalised) enablers. This evidence requires further exploration to single out the factors
that, on the one hand, contribute to the spillover effect in Al-related industries (Marshallian
effect) and, on the other hand, prevent Al technologies from creating opportunities in down-
stream industries (Jacobian effect).

Firstly, one might argue that Al-related sectors are endowed with a greater absorptive
capacity concerning Al knowledge and technologies, enabling them to better discover and
capitalise on opportunities stemming from Al-related domains. In this respect, such results
may also suggest the presence of sectoral cumulativeness (Breschi & Malerba, 1997), that
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is, the likelihood of innovating in time ¢ conditional on having innovated in ¢ — n. In par-
ticular, our results mainly point to the cumulative nature of Al technical knowledge at the
local level for those sectors that already produce core and complementary Al technologies.
This evidence concerning increasing and dynamic returns at the sectoral-regional level is
complementary to the evidence provided by Igna and Venturini (2023) at the firm level.

Secondly, the statistically insignificant effect of knowledge spillovers in non-Al sectors
may indicate the high uncertainty associated with Al technologies, which could cause poten-
tial entrepreneurs to hesitate or refrain from utilising them. This hesitation could be further
amplified by limited access to skills or infrastructure, as previously noted. These aspects,
overall, are key features of emerging technologies, as Al appears to be. In this respect, while
the Al system constitutes an enabling and pervasive bundle of technologies, such sector- and
technology-specific factors may hamper spillovers from spreading throughout the economy.
Therefore, future scholarly efforts should be directed towards identifying the bottlenecks
that prevent these technologies from diffusing across sectors and, particularly, in down-
stream industries®*. These aspects, together with our empirical results, lead us to embrace
the definition provided by Bianchini et al. (2022), which suggests that the general-purpose
features of the Al system are still in their emerging phase.

Another important finding of the present study relates to the systemic nature of Al: con-
sidering the entropy measure, a balanced variety is associated with greater spillovers and
entrepreneurial opportunities, consistent with the “infrastructural and systemic” nature of
Al (Vannuccini & Prytkova, 2024). This might indicate that Al technological components
synergistically create a complex network whose overall value is even higher than the mere
sum of its parts. This aspect adds a layer of complexity to the analysis of the economic
implications of Al In fact, the positive relationship between Al knowledge stock and new
innovative ventures (though currently limited to high-tech Al-related industries) highlights
the need for regional interventions to support the generation and diffusion of Al technol-
ogies. However, the systemic nature of Al introduces coordination challenges that tran-
scend simple incentive formation. Effective support requires a broader approach capable of
addressing joint design and development across the interconnected network of AI compo-
nents and domains. As in Vannuccini and Prytkova (2024), for systemic technologies like
Al, coordination failures can manifest as “reverse salients”, where shortcomings in specific
components or weak connections disrupt the network’s overall function. To mitigate this,
policymakers must accurately identify and address these bottlenecks, mapping out the key
system actors, boundaries, and distribution of load or control. Based on this mapping, policy
interventions might range from targeted support for innovation to adjustments in science,
technology, industrial, and competition policies to ensure a balanced and resilient develop-
ment across the Al ecosystem.

This work is not exempt from limitations. First, we used patents as a proxy for regional
Al technological endowment, a method supported by prior studies (e.g., Danzer et al., 2024;
Cicerone et al., 2023; Kopka & Grashof, 2022). However, it should be noted that such an

24 A preliminary valuable insight may be provided by Aghion et al. (2019), who argue that the transformative
potential of Al technologies has yet to fully materialize in terms of broad economic prosperity, primarily due
to bottlenecks within specific policy domains. They assert that competition policies are crucial to prevent
monopolistic practices that can stifle innovation and restrict access to Al infrastructure for smaller firms.
Similarly, targeted labour market policies are necessary to build the skilled workforce required to utilize Al
technologies across diverse sectors. Educational initiatives must also focus on equipping the workforce with
Al-related skills, as the rapid evolution of Al demands ongoing learning and adaptability.
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approach captures regions involved in the production of Al technologies, but not necessarily
those engaged in their adoption. Nevertheless, geographical proximity between technology
producers and potential users significantly facilitates adoption (Felice et al., 2022). Adop-
tion rates tend to decline with greater geographical distance, as the latter amplifies cognitive
barriers and hinders knowledge transfers. Thus, it is reasonable to infer that regions with a
lower Al knowledge stock likely face lower adoption rates; such a conclusion is also indi-
rectly supported by Dahlke et al. (2024), who argue that Al adoption follows epidemic pat-
terns. In particular, firms located in industrial or regional hubs of Al knowledge production
often experience heightened indirect mimetic pressures, which may lead to “bandwagon
adoption behaviour”, resulting in higher overall adoption at the regional level. Second, pat-
ent data availability issues limits our ability to capture the GenAl wave. Therefore, future
studies are needed to test whether our results are confirmed in the context of the emer-
gence of Large Language Models (LLMs) and Generative Pre-trained Transformers (GPTs),
which are believed to exhibit even more pronounced general-purpose features (Eloundou
et al., 2024). Finally, our regional focus does not allow us to identify the microeconomic
mechanisms behind the results, highlighting the need for future firm-level studies to explore
the drivers discussed here.

This paper extends the Knowledge Spillover Theory of Entrepreneurship and Innovation
by showing how the local Al knowledge stock acts as a focused enabler for the emergence of
new innovative ventures in high-tech/Al-related industries, with profound implications for
regional entrepreneurial dynamics. This finding reinforces the core tenet of the KSTE +1,
which asserts that knowledge accumulation fosters knowledge spillovers, generating oppor-
tunities that entrepreneurs subsequently exploit. However, we highlight that knowledge is
technology-specific, whereby its usefulness depends crucially on the degree of pervasive-
ness and level of opportunities offered by related technological artefacts. This specificity
underpins why the regional stock of Al knowledge does not trigger the creation of new
innovative firms outside the Al/high-tech sectors: as far as our analysis is concerned and
for the time being, these technologies do not seem to have created generalised opportunities
for the creation of innovative startups across the entire spectrum of industries. Yet, their
enabling role in fostering the emergence of new innovative ventures in high-tech/Al-related
sectors is extremely relevant both in terms of entrepreneurial development and in terms of
job creation: indeed, such new firms - with their superior occupational prospects compared
to imitative ventures in more traditional industries - can help mitigate what some fear may
be the negative labour market impacts of Al diffusion.
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