
Technological agglomerations and the emergence of artificial intelligence 
start-up ecosystems in Europe

Óscar Vásquez a , Francesco D. Sandulli a,b , Jorge Gallego a,b,*

a Department of Business Organization, Complutense University of Madrid, Spain
b GIPTIC, Research Group on Production and Information and Communication Technology, Complutense University of Madrid, Spain

A R T I C L E  I N F O

Keywords:
Industry formation
Entrepreneurship
Artificial intelligence
Innovation systems
Ecosystems
Europe

A B S T R A C T

The emergence of new industries is shaped by intricate geographical dynamics influenced by multiple factors. 
Yet, the rationales underpinning the locational choices of AI-based startups remain insufficiently understood. 
Traditional explanations have largely emphasized agglomeration economies, but their applicability to the AI 
industry requires further examination. This study investigates the growth of the AI industry across seven major 
European regions, uncovering two distinct locational patterns associated with different stages of industry evo
lution. In the nascent phase, the industry benefits primarily from intra-industry co-location effects and knowl
edge spillovers, which help mitigate technological risks. As the industry advances, however, cross-industry 
linkages become increasingly important, playing a pivotal role in addressing commercial risks and sustaining 
development. Overall, the findings highlight the dynamic interplay between technological and commercial risks, 
offering new insights into the shifting rationales and spatial dynamics that shape the emergence of the AI 
industry.

1. Introduction

One of the prominent outcomes of technological progress is the 
advent of novel industries (Gustafsson et al., 2016). The development of 
steam engine technology, for instance, catalyzed the rise of railway and 
automotive manufacturing (Ayres, 1990). Similarly, the evolution of 
semiconductor technology was pivotal for the establishment of the 
computer industry, while advancements in genetic recombination 
marked the inception of biotechnology. More recently, Artificial Intel
ligence (AI) has demonstrated transformative potential across a wide 
range of sectors, including sustainable development (Wang et al., 2024), 
healthcare (Waisberg et al., 2023), labor markets (Acemoglu & 
Restrepo, 2020), public services (McKelvey & MacDonald, 2019), and 
management research (Obschonka & Audretsch, 2020). These trans
formations extend beyond industrial dynamics to broader organiza
tional and societal dimensions, reshaping work practices (Anthony et al., 
2023; Dabić et al., 2023) and influencing digital transitions and 
socio-economic development trajectories (Abbas et al., 2026; David 
et al., 2025).

AI is widely regarded as a general-purpose technology (Bresnahan & 
Trajtenberg, 1995). The technologies included in this domain not only 

redefine the parameters of existing industries but also engender novel 
configurations of opportunities and business models, which have the 
potential to culminate in the rise of entirely new industries (Sandulli 
et al., 2021). AI start-ups tend to cluster in diversified regional econo
mies, where cross-sector experimentation is possible. Yet despite its 
disruptive potential, empirical evidence on the emergence of the AI in
dustry across different territorial contexts remains limited and largely 
confined to a few specific regions (Doloreux & Turkina, 2021; Hong 
et al., 2024; Shi et al., 2020; Wang et al., 2023; Yu et al., 2022). Further 
research is therefore needed to examine how different factors interact 
and shape entrepreneurial decisions in rapidly evolving AI domains 
(Hong et al., 2024). This study seeks to address this gap by exploring the 
diverse paths of AI start-up ecosystem formation in Europe. Its main 
objective is to identify the key factors underpinning the emergence of 
the AI industry and to provide a broader, more generalizable analysis of 
its geographic distribution across Europe.

From a theoretical perspective, the paper contributes to the literature 
by testing whether the factors that have traditionally explained the 
uneven geographic distribution of innovative industries can also account 
for the geography of the emerging AI industry. Like other new sectors, AI 
displays a consistent tendency to cluster in particular, often recurrent, 
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locations (Berger & Frey, 2017). However, rather than reflecting a broad 
diffusion of innovation, the current geography of innovation is 
increasingly structured around a global hub-to-hub system (Crescenzi 
et al., 2020). The development and spatial distribution of start-up eco
systems thus embody central theoretical dynamics emphasized in eco
nomic geography (McCann & Oort, 2019). The emergence of new 
industries has been studied through the lens of classical theories of 
agglomeration economies (Marshall, 1890), which explain the concen
tration of firms through external scale economies—such as local labor 
pools, supplier linkages, and knowledge spillovers—that enhance pro
ductivity and innovation within specific urban or regional clusters 
(Krugman, 1991). Extending this logic, cluster theory (Delgado et al., 
2014; Porter, 1996) places greater emphasis on the interdependence 
among firms, institutions, and supporting organizations within partic
ular regions. Hence, clusters in new industries cannot be explained by 
proximity alone, even if firms in emerging sectors often co-locate near 
dense knowledge bases to reduce technological uncertainty and access 
specialized resources (Audretsch & Feldman, 1996; Maskell & Malm
berg, 1999).

In this respect, broader theoretical frameworks offer complementary 
insights into the uneven geographies of industry emergence, high
lighting the role of regional innovation systems (Cooke, 1992) and 
entrepreneurial ecosystems (Autio et al., 2018; Stam, 2015) in sup
porting knowledge exchange, innovation, and new venture creation. The 
interdependent actors and factors that shape regional responses to 
technological opportunities include start-ups, universities, research 
centers, venture capital organizations, business accelerators, policy in
stitutions, and regulatory frameworks. New industries are not randomly 
distributed, but emerge in places with strong interactions among these 
actors and with pre-existing capabilities that are technologically related 
to the new sector (Boschma & Frenken, 2006). Accordingly, the geog
raphy of advanced technology industries is path-dependent, shaped by 
processes of technological recombination and knowledge accumulation 
grounded in regional histories, while diversification also depends on 
agency, particularly institutional entrepreneurship.

By focusing on early-stage developments rather than mature tech
nologies, this study provides insights into how new agglomerative pat
terns may be formed. Unlike conventional frameworks, which 
conceptualize co-location as territorially fixed, our analysis adopts a 
dynamic lens to capture the ongoing formation of AI start-up ecosystems 
in Europe. Considering both intra-industry and cross-industry factors 
allows us to identify different mechanisms at distinct stages of entre
preneurial activity. Empirically, the study integrates data from three 
specialized datasets (Dealroom, Crunchbase, and EU Start-ups) across 
seven major European countries between 2012 and 2021, offering 
robust evidence on the dynamics of AI ecosystems in a rapidly evolving 
field.

The results show that the emergence of AI industries in Europe is 
highly concentrated in a relatively small subset of metropolitan regions. 
While agglomeration economies strongly influence this process, their 
effects diminish beyond a saturation point, often described as the limit of 
regional innovation systems. Regions with a strong presence of multi
national firms are particularly conducive to AI development, as they 
foster combinatorial innovation and act as anchor customers. Moreover, 
in digital and knowledge-intensive industries, relational proximity 
(Bathelt & Glückler, 2003) to international ecosystems complements 
local embeddedness by providing access to frontier knowledge, legiti
macy, and investment.

Finally, this study contributes to entrepreneurship research by con
firming recent theoretical developments in industry cycle analysis 
(Moeen et al., 2020) and showing that the drivers of AI entrepreneurship 
shift over time. In the early stages, AI entrepreneurship is largely driven 
by agglomeration effects and intra-industry interactions. In subsequent 
stages, particularly when the main challenge involves developing viable 
business models and value chains, regional diversity and cross-industry 
interactions exert a greater influence. Accordingly, the relative 

importance of different factors varies across stages, underscoring in
dustry formation as a sequential process composed of distinct phases, 
each characterized by specific dynamics. The paper also advances the 
literature on regional innovation systems (e.g., Santarelli et al., 2023) by 
confirming the importance of mapping knowledge bases to understand 
the multi-sectoral embeddedness of general-purpose technologies such 
as AI.

The paper is structured as follows. Section 2 outlines the research 
context and hypotheses, which build on the dynamic interplay between 
technological and commercial risks faced by new entrants. Section 3
describes the data and methodology, while Sections 4 and 5 present and 
analyze the results. The final section concludes by highlighting the pa
per’s main contributions.

2. Research context and hypotheses

In the nascent phases of an industry, firms encounter substantial 
technological and commercial risks, as both the knowledge base and 
technological standards remain undefined (Hsu & Grodal, 2021; Sine 
et al., 2005). New industries emerge through trial and error, whereby 
economic agents explore new applications of existing knowledge 
(knowledge deepening) or pursue novel knowledge (knowledge expan
sion) to address emerging challenges within a scientific or technological 
domain (Grodal et al., 2015). However, startups typically lack the re
sources to consolidate their knowledge creation strategies, as well as the 
insights needed to effectively define viable business models 
(Gimenez-Fernandez et al., 2020). This helps explain the notable mor
tality rate of startups, which is largely attributable to the difficulty of 
identifying and developing required resources or securing access to new 
markets enabled by emerging technologies (Liao et al., 2008).

One pivotal decision for every entrepreneur is the choice of location. 
This strategic decision seeks to mitigate both technological and com
mercial risks, which are particularly pronounced for new market en
trants. Entrepreneurs generally prefer to establish their ventures in areas 
where resource acquisition and market access are more readily attain
able (e.g., Ferreira et al., 2016; Modrego et al., 2017). The knowledge 
spillover theory of entrepreneurship emphasizes that entrepreneurial 
activity strongly depends on knowledge stocks that are not appropriated 
by incumbents (Acs et al., 2009). To access these knowledge stocks, 
startups engage in intensive network-building activities to exchange 
knowledge (Gimenez-Fernandez et al., 2020, 2022). Since access to 
diverse knowledge sources mitigates technological risks, novel firms are 
particularly drawn to regions with robust technological knowledge 
bases (Baptista & Mendonça, 2010). This pursuit of knowledge in
terconnections underpins well-documented co-location effects (e.g., 
Audretsch, 1998).

The formation of intra-industry knowledge clusters reduces the 
transaction costs of knowledge sharing and enhances firms’ learning 
curves (Iammarino & McCann, 2006). New firms located within these 
agglomerations benefit from improved access to specialized labor, 
sector-specific suppliers, and industry-tailored spillovers, enabling 
seamless integration into established knowledge networks. For small 
and medium-sized enterprises (SMEs), many of these knowledge flows 
occur within the industry and are typically facilitated by clusters (Hanna 
& Walsh, 2008). In new industries, numerous actors actively experiment 
with technological solutions and engage in collective learning processes, 
drawing on one another’s experiences (Aversa et al., 2022; Cuntz & 
Peuckert, 2023). In the AI industry, knowledge spillover capital has been 
identified as a key determinant shaping the locational choices of en
trepreneurs, fostering conditions that support startup growth and 
collaboration (Hong et al., 2024; Lammers et al., 2021). This search for 
knowledge explains why AI firms frequently cluster, forming dense 
networks largely confined to their own sector (Turkina et al., 2021). 
Hence, the entrepreneurial reliance on agglomerations where spillovers 
are concentrated suggests that AI startups are more likely to locate in 
regions with a high number of existing AI firms. 
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Hypothesis 1. The geographic concentration of AI firms increases the 
probability of subsequent AI entrepreneurial activity.

However, not all locations with extensive intra-industry knowledge 
bases provide equally advantageous environments for startups. 
Emerging knowledge exchange dynamics from intra-industry in
teractions (Henderson, 1974) are more effective in reducing techno
logical uncertainty than in mitigating commercial risks (Wang et al., 
2014). During the early stages of an industry, when technological out
comes remain uncertain, firms are more likely to engage in collaborative 
efforts (Rosenkopf & Nerkar, 2001). Yet, as uncertainties diminish, 
attention shifts to defining viable business models (Sandulli et al., 2012). 
At this point, firms have fewer incentives to share information regarding 
the architecture and modules of their business models (Johansson & 
Malmstrom, 2013). Consequently, localization economies may also 
generate negative externalities, as intensive interactions within clusters 
risk exposing proprietary knowledge to competitors (Iammarino & 
McCann, 2006). Previous literature (e.g., Cooke & De Laurentis, 2010) 
has highlighted these limitations, noting that beyond a certain 
threshold, agglomerations can become saturated, producing adverse 
effects such as heightened competition, rising labor costs, and increased 
transaction costs. We therefore expect that, beyond a critical point, the 
benefits of AI agglomerations—primarily related to spillovers—will be 
offset by the risks of knowledge leakage and intensified competition. 

Hypothesis 2. The positive externalities generated by the concentra
tion of AI firms are subject to diminishing returns.

Knowledge clusters that foster cross-industry interactions (Cooke, 
2001; Feldman, 1994) are also critical for startups, particularly in 
mitigating commercial risks (Scaringella & Radziwon, 2018). Unlike 
technological risks, commercial risks often persist for extended periods. 
The transition from technological maturity to commercial viabili
ty—commonly referred to as the “Death Valley”—can span decades and 
is associated with high firm mortality (Markham, 2002). Startups must 
therefore locate not only in regions with strong intra-industry spillovers 
but also in environments where their business models can interact 
effectively with complementary actors across the innovation ecosystem.

Building connections between startups and complementary firms is 
challenging, given the transaction costs of identifying potential cus
tomers, as well as the information asymmetries and cognitive gaps that 
often separate startups from more traditional firms (Gimenez-Fernandez 
et al., 2022). However, the ecosystem literature shows that clustering 
around ecosystems rich in complementary actors facilitates 
cross-industry interactions with suppliers and customers (Hanlon & 
Miscio, 2014), which in turn support the development of viable business 
models. Cross-industry effects can be understood through three primary 
mechanisms. First, they signal the availability of a skilled workforce in 
supplier or customer firms, which startups can recruit to refine their 
models. Second, they proxy for greater access to markets for techno
logical applications and for large-scale suppliers (Hanlon & Miscio, 
2014). Third, they reflect the involvement of public research centers and 
large corporate R&D departments that engage with startups to explore 
technological alternatives and identify potential partners (Giglio et al., 
2025; Weiblen & Chesbrough, 2015). Many pioneering firms in 
high-tech industries emerge as spin-offs from large public or private 
laboratories, which often assume technological risks in the early stages 
and are better positioned than startups to absorb potential setbacks. In 
this context, regional diversification strategies should also account for 
the influence of social, cultural, and institutional environments in 
shaping new development paths (Hassink et al., 2019; Boschma et al., 
2017).

Although limited, existing evidence on the AI industry supports the 
relevance of cross-cluster ties (e.g., Shi et al., 2020; Yu et al., 2022). 
Technological complementarity and shared business contexts often 
compel firms to develop linkages across clusters, generating overlaps 
across industries (Doloreux & Turkina, 2021). Driven by the need for 

collaboration, access to shared resources, and complementary expertise, 
AI firms frequently embed themselves within key nodes of global value 
chains (Humphrey & Schmitz, 2002). 

Hypothesis 3. New AI firms tend to locate where dense, cross-industry 
networks foster interaction and complementary assets.

3. Sample and methods

In order to validate the relationship between industry emergence and 
firms’ locational decision-making, we analyze the rise and growth of the 
AI business sector. Specifically, the study examines the trajectory of AI 
startup proliferation across seven major European OECD economies—
France, Germany, Italy, the Netherlands, Spain, Switzerland, and the 
United Kingdom—during the period 2012 to 2021. The year 2012 was 
selected as the starting point, coinciding with the approval of Germany’s 
High-Tech Strategy 2020 in March of that year, which included a pio
neering initiative aimed at fostering the development of Industry 4.0 
technologies in Europe.

The initial list of firms was compiled from specialized entrepre
neurship databases, including Dealroom, Crunchbase, and EU Startups. 
These databases classify firms under the “Artificial Intelligence” cate
gory using keyword-based search criteria. However, a random sampling 
of the dataset revealed that not all firms listed as AI companies operated 
with AI-centered business models. Consequently, a comprehensive re
view of each firm’s profile was conducted to determine whether their 
primary products or services were indeed closely tied to AI technologies. 
The databases provided information on firms’ headquarters at the 
NUTS-21 level and their founding years. These data were used to 
calculate the number of AI startups established across the regions. In 
total, 4854 AI startups were identified across the seven countries during 
the period under study.

The dependent variable in our model, (yit), is a count variable that 
measures the annual number of AI startup founding events at the 
regional level. The variable consists of non-negative, discrete values, 
exhibiting a skewed distribution that induces overdispersion. Given 
these characteristics, the negative binomial regression model is 
commonly applied. However, as a true fixed-effects estimator has yet to 
be developed (Allison & Waterman, 2002), prior research suggests the 
use of the conditional fixed-effects Poisson Pseudo-Maximum Likelihood 
(PPML) estimator. This estimator produces consistent and robust stan
dard errors (clustered by region), even in the presence of overdispersion 
(Wooldridge, 1999). In settings with many zero observations, PPML also 
outperforms log-OLS models and yields unbiased estimates under het
eroscedasticity (Silva & Tenreyro, 2006).

The model incorporates the independent variables listed in Table 1. 
It captures agglomeration economies by including both the number of 
jobs (JOB) and population density (DEN) as explanatory variables, 
following previous approaches (e.g., Arauzo-Carod & Manjón-Antolín, 
2012). The geographic concentration of AI firms is measured by the 
number of active AI startups in region i during year t (AIP), counted from 
founding year until exit. Following population ecology models for 
emerging industries, the squared term of AI firm population (AIS) is 
added to capture nonlinear population effects and potential saturation. 
To account for knowledge spillovers, the model includes the number of 
AI-related patents (PAT) filed or granted by the EPO2 to applicants in 
region i, as well as the share of scientists and engineers (S&E). It also 

1 The Nomenclature of territorial units for statistics, abbreviated NUTS (from 
the French version Nomenclature des Unités Territoriales Statistiques) is a 
geographical nomenclature subdividing the economic territory of the European 
Union into regions at three different levels. NUTS-2 regions usually have be
tween 800,000 and 3 million inhabitants. A comprehensive list of NUTS-2 re
gions in Europe can be found at: https://ec.europa.eu/eurostat/web/nuts.

2 The analysis focusses exclusively on Patent Cooperation Treaty (PTC) pat
ents where AI constituted the primary focus of the patented innovation.
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incorporates venture capital investment in high-tech firms (VCT), 
reflecting its documented role in industry emergence (e.g., Vedula & 
Kim, 2019). Finally, to capture cross-industry complementarities 
shaping the AI industry, the model includes the regional share of 
manufacturing employment (MAN) (e.g., Tavassoli & Carbonara, 2014). 
Given the externalities generated by the IT sector (Doloreux & Turkina, 
2021), the share of IT-related jobs (ITS)—including software, IT ser
vices, and hardware—is also included.

To mitigate potential bias from the selection process, several pre
ventive measures are implemented. First, location-specific fixed effects 
(αi) account for time-invariant omitted factors at the regional level, 
while time-fixed effects (τt) capture unobserved temporal shocks or 
trends. Second, we control for time-varying regional attributes including 
the population of AI firms (and its squared term), number of jobs, den
sity, AI-related patents, number of scientists and engineers, 
manufacturing employment, and IT employment. Accordingly, the 
model is specified as follows (1): 

yit = αi + τt +
∑

j
βj(Xit) + εit (1) 

4. Results

Descriptive statistics reveal a marked concentration of AI startups 
within a handful of European hubs. While AI development is 
geographically widespread, it is disproportionately clustered in specific 
locations (Bratanova et al., 2022). As shown in Table 2, the top ten re
gions with the highest number of AI startups are London in the United 
Kingdom (UK), ̂Ile-de-France in France (FR), North and South Holland in 
the Netherlands (NL), Madrid and Catalonia in Spain (ES), Berlin and 
Bavaria in Germany (DE), Lombardy in Italy (IT), and Zurich in 
Switzerland (CH). Together, these ten regions host over 60 % of 
Europe’s AI startups, illustrating a cluster dynamic in which strong 
technical universities, applied research institutions, and targeted ven
ture capital and public investment combine to create fertile ground for 
early-stage ventures. Nonetheless, there is considerable variation in the 
pace and extent of AI development across—and within—national 

contexts.
Certain countries exhibit a dominant hub that concentrates most AI 

startups, such as London (71 %) in the UK and Zurich (51 %) in 
Switzerland. In contrast, countries like Germany, Spain, and the 
Netherlands show a dual-hub pattern. Madrid and Catalonia collectively 
host 67 % of Spanish AI startups, North and South Holland together 
account for 68 % of Dutch AI startups, and Berlin and Bavaria represent 
61 % of German AI startups. Patent distribution also varies considerably 
across regions. Bavaria, with 125 AI-related patents, ranks highest, fol
lowed by Île-de-France (27) and North Holland (27). A closer look re
veals that many of these patents are owned by large corporations such as 
Siemens AG in Germany, Koninklijke Philips NV in the Netherlands, and 
ABB Schweiz AG in Switzerland.

To examine the determinants shaping the regional emergence of AI 
startups, five models were estimated (Table 3). Model 1 focuses solely on 
general agglomeration effects, including job count and population 
density. Model 2 adds knowledge spillovers and cross-industry in
teractions with the manufacturing and IT sectors. Model 3 incorporates 
both intra-industry knowledge base measures and their squared term to 
capture potential diseconomies of agglomeration. Model 4 replicates 
Model 3 but excludes the top ten AI hubs, thereby emphasizing broader 
regional dynamics. Model 5, in turn, focuses exclusively on those top ten 
regions.

The results presented in Table 3 lend support to Hypothesis 1: 
agglomeration economies—proxied by the geographic concentration of 
firms within the same industry—and knowledge spillovers—captured by 
the number of AI-related patents—play a significant role in AI firms’ 
locational choices (Model 3). Consistent with Hypothesis 2, diminishing 
returns to agglomeration beyond a saturation threshold—the so-called 
innovation system saturation point—are evidenced by the negative 
and significant coefficient of the AIS variable in Models 3, 4, and 5. 
Additional results suggest that in regions with lower concentrations of 
AI ventures (Model 4), general agglomeration and intra-industry co- 
location effects, together with the regional knowledge base, are decisive 
in shaping the creation of new AI firms. By contrast, in regions with high 
AI concentration (Model 5), cross-industry effects emerge as significant 
drivers, while intra-industry co-location variables lose statistical sig
nificance. This outcome supports Hypothesis 3: novel firms are more 
likely to establish operations where dense, cross-industry networks 
facilitate interaction and complementary assets.

Taken together, the findings highlight two distinct patterns in the 
emergence of AI startups. First, major knowledge hubs are well suited 
for mitigating technological risks during the early stages of industry 
development. However, these hubs may be less favorable for firms 
seeking to build cross-industry synergies, as knowledge externalities in 
later stages often lack the specificity needed to support robust business 
models. Once technological risks have been reduced, regions where new 
technologies enhance the value proposition of established industries are 
more conducive to fostering value-chain collaborations.

To ensure the robustness of our results, a series of checks were 
conducted. Alternative model specifications, including Ordinary Least 

Table 1 
List of independent variables.

Variable 
ID

Description

JOB Number of jobs
DEN Population density
AIP Number of AI startups established in a particular region
AIS Squared term of artificial intelligence firm population
PAT Number of patents in the field of AI filed or granted by the EPO to 

applicants established in a region
S&E Share of employees categorized as scientists or engineers
VCT Number of capitals invested in high-tech ventures
MAN Share of manufacturing jobs
ITS Share of jobs in the software, IT services, and hardware sectors

Note: All variables referred to a particular NUTS-2 region i during year t.

Table 2 
Number of AI Startups, Top 10 NUTS-2 regions, 2012–2021.

N Region Country NUTS Code AI startups Share of AI startups in country j AI patents Share of AI patents in country j

1 London UK UKI0 1155 71 % 11 29 %
2 Île-de-France FR FR10 336 47 % 27 74 %
3 North Holland NL NL32 336 43 % 27 82 %
4 Madrid ES ES30 229 41 % 9 47 %
5 Berlin DE DE30 200 36 % 4 2 %
6 South Holland NL NL36 190 25 % 1 3 %
7 Catalonia ES ES51 150 26 % 4 21 %
8 Bayern DE DE20 136 25 % 125 65 %
9 Lombardy IT ITC4 132 35 % 14 47 %
10 Zurich CH CH04 117 51 % 22 46 %

Source: Based on Dealroom, Crunchbase, and EU Startups datasets.

Ó. Vásquez et al.                                                                                                                                                                                                                                Technology in Society 84 (2026) 103092 

4 



Squares (OLS) and Random Effects, produced consistent results in terms 
of both coefficient signs and statistical significance. Additional control 
variables—such as population, gross capital formation, and research and 
development expenditure—were also tested and yielded results consis
tent with those of the baseline models. Moreover, regressions employing 
three-year moving averages of the independent variables generated 
comparable findings. Finally, a model excluding London (identified as 
an outlier) was estimated, and the results closely aligned with those of 
the full-sample analysis.

5. Discussion

This study investigates the spatial dynamics underpinning the 
emergence of the AI industry in Europe, with a particular focus on 
agglomeration effects. The findings reveal a dynamic and non-linear 
process, aligning with recent perspectives on industry emergence that 
highlight the evolving nature of entrepreneurial activity across key 
developmental milestones (Agarwal et al., 2025; Moeen et al., 2020). 
Contributing to the literature in evolutionary economic geography 
(Boschma & Frenken, 2006), the analysis shows that new AI firms tend 
to co-locate and engage in processes of collective learning, underscoring 
the role of spatial proximity and historical contingency in shaping in
dustrial trajectories. Rather than emerging randomly, AI ecosystems 
concentrate in regions endowed with pre-existing capabilities, institu
tional frameworks, and knowledge assets conducive to innovation. 
Additionally, the support for Hypothesis 1 can be interpreted through 
the lens of path dependency: the historical accumulation of AI-related 
firms—serving as a proxy for embedded competencies—promotes 
related variety, thereby facilitating knowledge recombination and 
entrepreneurial experimentation within the evolving technological 
domain of AI.

A second mechanism underpinning the emergence of the AI industry 
is consistent with recent advances in evolutionary economic geography, 
which suggest that in certain regions new industries arise through the 
development of novel functions linked to existing industrial structur
es—regardless of the maturity or depth of the regional knowledge base 
of the new technology (Boschma, 2024). Within this mechanism, 
cross-industry linkages foster AI entrepreneurship when startups 
contribute to functional diversification within pre-existing comple
mentary sectors. The findings of this study support this view and rein
force recent research emphasizing the significance of cross-industry 
knowledge flows in the spatial development of AI entrepreneurship 
(Doloreux & Turkina, 2023).

The results of our research also contribute to the recent dynamic 
perspective on Technological Innovation Systems (Markard, 2020). 

From this standpoint, the evolution of such systems depends on changes 
within their constituent components and the relationships among them. 
Our findings align with this dynamic understanding of technological 
development. As evidenced by the European AI industry, in the nascent 
stages of an emerging sector one of the central challenges lies in estab
lishing a dominant technological standard and an overarching archi
tectural framework for delivering goods and services supported by that 
technology. At this point, most firms remain uncertain about the optimal 
combination of knowledge needed to shape the standard and, conse
quently, face high levels of technological risk. Under such conditions, 
entrepreneurs must leverage external factors—such as ongoing techno
logical advances and shifting market conditions—to navigate uncer
tainty (Donaldson et al., 2024). Firms therefore engage in processes of 
trial and error, seeking to expand their knowledge base by identifying 
the most effective sources of relevant expertise.

To engage in processes of trial and error, firms require access to 
diverse sources of knowledge, including insights from other firms within 
the same sector. It is therefore reasonable to assume that in contexts of 
high technological risk, entrepreneurs will prefer locations with strong 
agglomeration effects, which facilitate intensive knowledge exchanges 
and spillovers. Our findings support this expectation. In regions with a 
low concentration of AI firms, the creation of new ventures is positively 
influenced by both the regional knowledge base and intra-industry co- 
location effects, underscoring the role of strategic experimentation and 
knowledge legitimation in the early evolution of sectors such as artificial 
intelligence. By contrast, access to venture capital does not show a sig
nificant effect on the entry of new firms. Its importance may vary across 
regions, where alternative sources—such as public funding or corporate 
investment—can play a more decisive role (Hyun & Kim, 2024).

The findings also indicate that in regions with a notable concentra
tion of AI ventures, the importance of knowledge spillovers for fostering 
new firm formation is reduced. Spillovers are typically most pronounced 
in the early stages of an industry but diminish as the industry’s knowl
edge base matures (Faggio et al., 2020; Sandulli et al., 2012). In later 
phases, knowledge flows related to practical applications within value 
chains gain greater significance than fundamental technological 
knowledge. Consequently, AI startups should strategically locate where 
their business models can generate synergies with complementary actors 
in the innovation ecosystem. These results on cross-industry effects align 
with empirical studies adopting a dynamic perspective (e.g., Hanlon & 
Miscio, 2014; Wang et al., 2014), which emphasize knowledge accu
mulation and uncertainty reduction in industry development. In this 
respect, Moeen et al. (2020) conceptualize industry emergence as a 
sequential process marked by milestones that progressively reduce 
technological, market, and organizational uncertainty.

Table 3 
Estimation results.

Variable ID Model 1 Model 2 Model 3 Model 4 Model 5

JOB − 0.001 − 0.001 − 0.001*** − 0.002*** − 0.002**
POP − 0.001* − 0.001** − 0.002 0.009*** − 0.001
AIF ​ ​ 0.004*** 0.030*** 0.002*
AIS ​ ​ − 0.001*** − 0.001*** − 0.001***
PAT ​ 0.016** 0.021*** 0.022*** − 0.073
S&E ​ 7.819* 1.837 − 8.069 − 5.739
VCP ​ 0.001 0.001 − 0.001* 0.001
MAN ​ 12.840*** 8.958** 5.318 29.038***
ITS ​ 2.539 1.668 − 0.280 16.642**
Region Effects YES YES YES YES YES
Time Effects YES YES YES YES YES
Constant 0.532 − 2.061** − 0.394 − 0.069 15.473***
R2 0.944 0.952 0.965 0.770 0.971
Pseudo Log Likelihood − 1617.10 − 1601.66 − 1547.95 − 1218.65 − 283.73

Note:
(***) Significant coefficient at 1 %.
(**) Significant coefficient at 5 %.
(*) Significant coefficient at 10 %.

Ó. Vásquez et al.                                                                                                                                                                                                                                Technology in Society 84 (2026) 103092 

5 



Even after technological risks are mitigated, launching a startup in a 
nascent industry remains inherently risky, largely due to the extended 
process of validating business models. Whereas technological spillovers 
are relatively more accessible—given the explicit and codifiable nature 
of much technical knowledge—business knowledge is less observable 
and often embedded in tacit, context-dependent practices. Thus, in the 
early stages of industry development there is a critical phase in which 
technological risks are more effectively addressed than commercial 
risks, leaving startups particularly vulnerable to uncertainties sur
rounding market acceptance and operational viability.

As the industry matures, the marginal contribution of technological 
knowledge flows declines, while market access becomes increasingly 
important in mitigating commercial risk. Market access depends on the 
presence of industries that can serve as customers or suppliers for new 
firms, or on integration into global value chains that connect startups to 
external markets. Under these conditions, the most effective innovation 
systems are either those embedded in global value chains or those 
underpinned by a strong base of customer industries relevant to the 
emerging sector. This foundation may be provided by large corporations 
operating in customer markets or by clusters of SMEs linked to these 
industries (Hanlon & Miscio, 2014).

5.1. Theoretical implications

The findings of this study contribute to advancing theoretical debates 
in evolutionary economic geography and entrepreneurship by clarifying 
the mechanisms underpinning AI industry emergence. First, the evi
dence reinforces the notion that industry emergence is shaped by path- 
dependent processes rooted in regional capabilities, institutions, and 
accumulated knowledge bases (Boschma & Frenken, 2006). The 
co-location of AI firms and the resulting collective learning highlight 
how spatial proximity and historical contingency condition the trajec
tory of new industries. At the same time, the results show that beyond a 
certain saturation point agglomeration economies lose their effective
ness, suggesting the need to nuance classical accounts of clustering with 
attention to non-linear dynamics and threshold effects.

Consistent with Gustafsson et al.’s (2016) three-stage model of in
dustry emergence (initial disruption, co-evolutionary convergence, and 
growth), our research demonstrates that AI start-ups follow a sequential 
logic in which the drivers of entrepreneurship shift over time. In the 
nascent phase, co-location and intra-industry spillovers dominate, 
reflecting earlier research that emphasizes uncertainty reduction 
through technological experimentation and collective learning. As AI 
matures, however, cross-industry linkages become central, aligning with 
the co-evolutionary phase in which business models, value chains, and 
standards stabilize. This confirms that AI is not merely another case of 
cluster formation but a paradigmatic example of how industry evolution 
requires attention to stage-specific mechanisms.

The findings also extend cluster-based theories by integrating the 
concept of catalyzing places (Aversa et al., 2022). While clusters are 
conventionally understood as territorially bounded agglomerations that 
sustain industries locally, the AI ecosystem exhibits dynamics closer to 
catalyzing logics. Relational proximities—linkages to international 
hubs, multinational anchor firms, and global knowledge flows—operate 
as “portable economies” that entrepreneurs can redeploy beyond the 
initial cluster. In this way, the study bridges the dichotomy between 
clustering and dispersal, showing how AI start-ups benefit simulta
neously from localized knowledge spillovers and translocal catalytic 
effects that reinforce legitimacy and market reach.

The results also contribute to industry life-cycle theory by high
lighting the stage-specific drivers of emergence. In the earliest phase, 
entrepreneurs mitigate high technological risk by locating near fellow AI 
innovators and dense R&D knowledge (intra-industry co-location). As 
the AI industry matures and key technological standards emerge, cross- 
sector connections, customer industries, and access to markets become 
more important for managing commercial risk. This sequential shift 

supports milestone-based conceptions of industry emergence (Moeen 
et al., 2020), while also illustrating that these phases unfold unevenly 
across space. Our evidence therefore refines life-cycle perspectives by 
showing how agglomeration advantages are strongest at inception but 
give way to more diverse, market-oriented agglomerative factors in later 
stages.

In this sense, the study also offers insights for knowledge spillover 
theory. Consistent with Acs et al. (2009), regions with sparse AI activity 
benefit most from local knowledge stocks and intra-industry exchanges, 
as new firms capitalize on existing scientific and engineering expertise. 
Yet, once an AI hub passes a critical density threshold, the marginal 
contribution of additional local spillovers diminishes rapidly. Knowl
edge spillovers, therefore, are most pronounced during nascent phases, 
after which entrepreneurial success increasingly depends on combining 
external and cross-sectoral sources of knowledge. This pattern refines 
spillover theory by emphasizing stage-contingent and diminishing 
returns to local knowledge in emerging, knowledge-intensive sectors.

Our research further advances theory by highlighting the interplay 
between technological and commercial risks as the structuring principle 
of AI’s geography. Whereas agglomeration economies mitigate techno
logical risks in the early stages, cross-industry interactions and institu
tional diversity address persistent commercial risks. This result 
contributes to understanding transitions between emergence stages and 
provides new evidence supporting cyclical forces (centripetal, cata
lyzing, centrifugal) that propel industries beyond their original loca
tions. Taken together, these insights clarify why AI start-up ecosystems 
are path-dependent yet globally interconnected, and why their sus
tainability depends on managing shifting risk profiles through both local 
and translocal resources.

Finally, the analysis highlights the importance of multi-scalar and 
relational perspectives for understanding AI industry emergence. Rather 
than spreading uniformly, the geography of AI is best described as hub- 
and-network structures. Strong regional innovation systems provide an 
essential foundation, yet leading AI clusters also depend on global 
linkages and cross-sectoral complementarities. Regions that host 
multinational firms are particularly conducive to AI start-ups, since 
these organizations serve as sophisticated users and sources of combi
natorial knowledge. At later stages, successful hubs remain embedded in 
international value chains and sustain relational proximity to distant 
innovation centers. These dynamics imply that agglomeration and 
regional-innovation frameworks must accommodate stage-dependent 
shifts in locational logic and the growing importance of multi-sectoral, 
multi-scalar connections in the spatial formation of new technological 
industries. This perspective also connects to debates on digital divides, 
resilience, and uneven socio-economic outcomes of technological 
change (Abbas et al., 2026; David et al., 2025), as well as on the orga
nizational and workplace transformations associated with AI adoption 
(Anthony et al., 2023; Dabić et al., 2023).

Overall, the theoretical implication is that AI exemplifies a new 
model of industry emergence: one that is sequential (as per life-cycle 
theories), multi-scalar (bridging clusters and catalyzing places), and 
risk-mediated (balancing technological and commercial uncertainties). 
This model advances economic geography and entrepreneurship litera
tures by demonstrating that general-purpose technologies such as AI 
require a dynamic, hybrid lens that accounts for both local embedding 
and global dispersion in the formation of new industries.

5.2. Implications for practice

The consolidation of a new industry progresses at varying rates 
across regions (Hanlon & Miscio, 2014). This variation reflects the 
complex interaction between the trajectory of industry emergence and 
the specific contextual factors of each locality. Accordingly, policy
makers and entrepreneurs in the AI industry must carefully assess the 
stage of development in their respective regions. Efforts should be 
context-sensitive—adapted to local conditions—and aligned with 
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region-specific needs to support industry growth. On the one hand, 
public policies aimed at addressing technological challenges must pri
oritize strengthening the industry-specific knowledge base that forms 
the foundation for nascent industries. Technological startups derive 
greater benefits from policies that encourage knowledge exchange than 
from those focused exclusively on financing innovation 
(Gimenez-Fernandez et al., 2020). On the other hand, policies designed 
to mitigate commercial challenges should concentrate on fostering a 
broad, cross-sectoral knowledge base.

Such measures may include initiatives that promote collaboration 
between research and development centers and leading universities 
(Gallego et al., 2013), or cultivate informal networks between regional 
professionals and peers in knowledge-intensive hubs elsewhere (Aversa 
et al., 2022; Gimenez-Fernandez et al., 2022). Regions should also 
develop innovation brokerage mechanisms that effectively foster con
nections between startups and firms in other complementary industries 
within the innovation system. These mechanisms may take different 
forms, including formal entities such as local development agencies 
(Sandulli et al., 2021), or informal structures such as innovation com
mons and communities of practice (Aversa et al., 2022; Cuntz & 
Peuckert, 2023).

Beyond entrepreneurial activity, commercial challenges may also 
extend to large firms, often due to uncertainty regarding appropriate 
investment time horizons. Likewise, governments may struggle to ach
ieve the expected political returns on investments in the emerging 
technology (Corallo et al., 2019). The social and institutional conditions 
of regions—such as favorable living environments—have proved to be 
essential for mitigating these commercial challenges, as they influence 
the ecosystem’s ability to attract and retain key strategic resources 
(Moulaert & Gallouj, 1993).

5.3. Limitations and future research

This work is not without limitations. First, patents remain an 
imperfect proxy for capturing a region’s knowledge base. Although they 
are a valuable tool for analyzing regional innovation dynamics (Acs 
et al., 2009; Plummer & Acs, 2014), many innovations are not patented 
or not eligible for patent protection. For example, the European Patent 
Office only grants patents for software under the category of “com
puter-implemented inventions.” As a result, many advances in artificial 
intelligence are excluded from the analysis, which may help explain the 
disparities observed in Table 2 regarding the distribution of AI patents 
and startup growth across Europe.

Second, the study’s focus on the AI sector raises questions about the 
generalizability of its findings. Whether comparable patterns hold in 
other emerging, knowledge-intensive sectors remains an open question 
for future research. Third, the analysis is limited to seven major eco
nomic regions. Future work could test the applicability of the two-stage 
industry emergence process across a wider variety of economic and 
social contexts. In this regard, research might also employ tailored 
perspectives that account for the distinctive characteristics of different 
geographic locations.

6. Conclusion

This study highlights the dynamic interplay between technological 
and commercial risks in shaping the emergence of the AI industry. The 
findings support the view of industry formation as a sequential process 
marked by milestones that progressively reduce uncertainty. In the early 
stages, AI startups benefit primarily from intra-industry co-location ef
fects and knowledge spillovers, which are particularly effective in 
mitigating technological risks. As the industry matures, however, firms 
increasingly rely on cross-industry interactions, which play a more 
decisive role in addressing commercial risks. These dynamics under
score the importance of adopting a dynamic and context-sensitive 
perspective that captures the regionally uneven and evolving 

trajectories of AI industry development and consolidation.
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