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Abstract In this paper, we question the implicit 
assumption that more entrepreneurship drives more 
innovation and growth, asserting that specific typolo-
gies of entrepreneurship are responsible for these phe-
nomena. A growing number of studies has analyzed 
this relationship while focusing on the overall level of 
entrepreneurship. This paper exploits recent advance-
ments in measuring the sophistication and connect-
edness of economic systems, brought by the notions 
of economic complexity and relatedness, to study 
the nexus of industrial structure and high-potential 
forms of entrepreneurship. The present study uses a 
panel dataset for Italy for the period 2015–2019. The 
results show a differentiated pattern among the high-
potential startups considered, with relatedness and 
complexity having a positive effect for innovative 
startups, a negative one for high-growth startups, and 
no effect for pioneers. These results inform potential 
entrepreneurs of the importance of analyzing how 
external conditions can have distinctive effects on the 
process of opportunity identification among different 
typologies of high-potential startups.

Plain English Summary In this paper, we question the 
implicit assumption that more entrepreneurship drives 
more innovation and growth, arguing that only specific 
typologies of entrepreneurship are responsible for these 
phenomena. In recent years, researchers have highlighted 
the importance of the factors external to the startups to 
explain the entrepreneurial dynamics. In particular, spe-
cialized and sophisticated economic systems have often 
been associated with a high level of entrepreneurship. 
Accordingly, we investigated the differentiated effects 
that industrial systems have on the high-potential typol-
ogy of startups, namely, innovative startups, high-growth 
startups, and pioneers. Upon analyzing the case of Italy 
across a 5-year period (2015–2019), we found that cer-
tain compositions of industrial structure may either favor 
or hinder the typologies of the aforementioned start-
ups. These results inform potential entrepreneurs of the 
importance to analyze how external conditions can dis-
tinctively affect the process of opportunity identification 
among different forms of high-potential startups.
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1 Introduction

A consensus has emerged in the literature bridging 
entrepreneurship and economic development on the 
importance of the former as a vehicle to promote 
growth and social prosperity (Schumpeter, 1934). 
What remains blurred are the mechanisms govern-
ing this kind of relationship, for example, related to 
the context where entrepreneurship takes place. This 
relationship is prominent for two main reasons. First, 
the function of entrepreneurship (e.g., creating new 
value for society) is tightly embedded in the indus-
trial structure of the area in which it develops. Sec-
ond, entrepreneurship emerges in different forms, in 
response to the endowments of a particular context 
and the opportunity identified thanks to the entrepre-
neurial agency effect (Du & O’Connor, 2018; Urbano 
et al., 2019; Vedula et al., 2019).

Notably, the relationship between entrepreneurship 
and the industrial structure has been the subject of an 
increasing number of studies in recent years, espe-
cially those explaining the relevance of factors capa-
ble of generating more entrepreneurship. There are 
two key drivers of this discussion. The first is related 
to the increasing awareness that, despite common 
global trends, entrepreneurship should be better con-
textualized within local environments to understand 
its variability in birth patterns, scale-up mechanisms, 
and the influence of resources external to firms as the 
institutional settings (Audretsch, 2012; Stam & Van de 
Ven, 2021). The second concerns new theoretical and 
empirical insights related to the underlying and invis-
ible characteristics of the industrial structure. This has 
been supported by the growing acceptance of notions 
such as economic complexity and relatedness to meas-
ure both the pure concentration of certain activities 
and their level of sophistication and network structure 
(Hidalgo & Hausmann, 2009; Hidalgo et al., 2007).

In this regard, studies have assessed the entrepre-
neurship—industrial structure nexus, focusing on 
entrepreneurship and spatial agglomeration (Bosma 
& Sternberg, 2014), entrepreneurship and related and 
unrelated variety (Bishop, 2012; Content et al., 2019; 
Ejdemo & Örtqvist, 2020), entrepreneurship and local 
knowledge (Colombelli, 2016; Colombelli & Quat-
raro, 2018), entrepreneurship and specialization and 
diversification economies (Antonietti & Gambarotto, 
2020; Capozza et al., 2018), and complexity and pio-
neer firms (Jara-Figueroa et al., 2018).

The abovementioned works deserve merit for 
beginning to disentangle the relationship between 
entrepreneurship and industrial structure. Neverthe-
less, some gaps remain. The first is that many studies 
measure entrepreneurship as the simple formation of 
a new firm (see Bishop, 2012; Content et  al., 2019; 
Ejdemo & Örtqvist, 2020), thereby underestimat-
ing the mechanisms that govern the various typolo-
gies, especially the most high-potential startups 
(Audretsch, 2012; Colombelli, 2016). The main risk 
in taking overall entrepreneurship as a monolithic 
typology is that the specific links between the indus-
trial structures and different forms of high-potential 
entrepreneurship may be obscured. This could lead 
to an underestimation of the variation of opportu-
nity recognition and the local search for competitive 
advantage according to the vision and strategies of 
entrepreneurial projects (Baron, 2006; Gruber et  al., 
2008; Vedula et al., 2019). In this regard, the litera-
ture has reported how high-potential entrepreneurship 
relies on different origin factors, which also serve 
diverse functions in economic development (Nightin-
gale & Coad, 2014; Shane, 2009).

Second, few analyses have concentrated on the 
effect of complexity on entrepreneurship (see Jara-
Figueroa et al., 2018; Iftikhar et al., 2022); many have 
analyzed relatedness. Complexity, as a measure of the 
aggregated performance embedded in the realization 
of most complex products and services, is the new 
frontier for analyzing the structural composition of 
an economy. However, there are possibly controver-
sial effects of economic complexity on entrepreneur-
ship. Naudè (2022) include the negative scale effects, 
the technological distance between leading firms 
and SMEs, and the increasing difficulties linked to 
“inventing” in more sophisticated economies. Iftikhar 
et  al. (2022) consider economic complexity a proxy 
of knowledge utilization and thus a way to reduce 
spillover that may lead to new firm creation. These 
suggest the importance of investigating the effect of 
economic complexity on entrepreneurship, especially 
high-potential entrepreneurship.

Given this premise, the present study aims to shed 
light on the different effects of industrial structure 
(measured by relatedness and complexity) on overall 
new firm creation and different typologies of high-
potential entrepreneurship, concentrating on those 
categories that contribute most to local prosperity in 
terms of innovation or growth. For the present study, 
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beyond tout court entrepreneurship, we decided to 
rely on three additional categories: innovative, high-
growth, and pioneer startups. The decision to include 
these specific categories is their different links with 
the industrial structure in which they are embedded. 
Innovative startups are a typology of entrepreneurship 
based on R&D and university–industry relationships 
with a possible effect on industrial prototyping and 
knowledge spillover. High-growth startups exemplify 
a typology of entrepreneurship based on breakthrough 
and scalable business models with a possible effect 
on productivity and employment. Pioneers represent 
early adopters with possible effects on path explora-
tion and market niche development. The present work 
explores this relationship for the Italian case at the 
NUTS-3 regions level for the 2015–2019 period.

The paper is organized as follows. Section 2 pre-
sents the literature review and the hypothesis develop-
ment for each category of startup. Section 3 explains 
the data collection processes and the methodologies 
adopted. Sections  4 and 5, respectively, present the 
empirical strategies and discussion of the results. Sec-
tion 6 concludes the paper.

2  Literature review and hypotheses development

In recent decades, perspectives on the origin of entre-
preneurship centered on employment substitution 
theory have been progressively replaced by theoreti-
cal advancements on the new role of entrepreneurial 
agents, new managerial models, and the creative use 
of productive inputs (Audretsch & Thurik, 2001; 
Thurik, 2009). During this re-conceptualization, the-
oretical approaches focused on the idiosyncratic role 
of individuals have been supplemented by the role 
of local contexts, which are no longer perceived as 
theoretical constraints but as focal elements to explain 
differences in entrepreneurial dynamics (Feldman, 
2001). Accordingly, regional characteristics represent 
potential sources of competitive advantages for new 
entrants (Delgado et al., 2010). In this respect, recent 
research has shown how local contexts equipped with 
adequate supportive structures represent the missing 
explanation of the different rates of high-potential 
entrepreneurship (Stam & Van Der Ven, 2021).

In particular, the composition of industrial structure 
has been the object of several studies aimed to show 

valid explanatory drivers of entrepreneurship. Two 
notions have recently been adopted to conceptualize and 
measure industrial structure: relatedness and economic 
complexity (Balland et al., 2022; Hidalgo, 2021).

The former refers to how close two products, 
industries, or technologies are in terms of common-
alities (Juhász et  al., 2021). Relatedness was first 
analyzed by management scholars to understand the 
similarity of capabilities by observing the incidence 
of co-occurrence between products at the plant level 
(Teece et  al., 1994). It then gained increasing popu-
larity in many fields of economic studies to explain 
how the connectedness of local knowledge bases 
represents possible learning channels toward differ-
ent diversification trajectories of territories (Balland 
et al., 2019; Boschma, 2017).

The latter, economic complexity, explains the 
sophistication of productive capabilities by look-
ing at the basket composition of cities, regions, and 
countries in terms of the ubiquity and diversity of 
goods, services, patents, or industries (Hidalgo, 2021; 
Hidalgo & Hausmann, 2009). The more “diverse” 
a region is in its production capabilities, the more 
unique (“rare”) the specializations and the faster its 
economic growth will be (Balland et  al., 2022). In 
this framework, economic systems are conceived 
as combinatorial spaces of knowledge inputs that 
are present in different quantities and distributed in 
the geographical zone, while economic complexity 
extracts how and where these inputs are combined 
(Hidalgo, 2021).

The effects of industrial structures on entre-
preneurship have been investigated by several 
authors. Large part of these have measured the 
overall formation of new firms, without explic-
itly introducing different forms of high-poten-
tial entrepreneurship to the debate (e.g., Bishop, 
2012; Content et  al., 2019; Ejdemo & Örtqvist, 
2020). While only recently, few studies started to 
focus on specific forms of high-potential entre-
preneurship (e.g., Antonietti & Gambarotto, 
2020; Colombelli, 2016). This gap has impor-
tant theoretical consequences because the same 
external industrial context may affect the emer-
gence of distinct forms of entrepreneurship in 
different ways (Ali et  al., 2020). Accordingly, 
the capabilities of entrepreneurs to leverage and 
use the existing resources, and thus to recognize 
business opportunities, vary according to the 
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characteristics of their entrepreneurial projects 
and the problems to be solved (Baron, 2006). 
The contexts where entrepreneurs generate new 
ideas contribute to defining “cognitive sche-
mas” (Vedula et  al., 2019), which influence the 
abovementioned process of opportunity identi-
fication by entrepreneurial agents. Building on 
the assumption that a local search (in terms of 
resources, markets, and competencies) first occurs 
in the surrounding external environments (Gruber 
et  al., 2008), we can hypothesize a different out-
come considering the influence of the supportive 
structure on the recognition of new opportunities 
according to the different goals and early-stage 
strategies of new ventures. This occurs through a 
mechanism of internalization of external oppor-
tunities because the versatility of resources pro-
duces different outcomes thanks to the vision and 
generative capacities of different business model 
typologies (Auerswald & Dani, 2022).

In the remaining part of this section, we present the 
theoretical argument for the relationship between the 
industrial structure and the four typologies of startups 
considered in this study (i.e., overall entrepreneur-
ship, innovative startups, high-growth startups, and 
pioneers). The theoretical framework of this research 
is synthesized in Fig. 1.

2.1  Overall entrepreneurship

Entrepreneurship has recently been associated with 
the capacity of new firms to exploit knowledge and/or 
resources left unexplored by incumbents (Audretsch 
et  al., 2015). The literature on the topic has shown 
how highly related industrial structures can favor the 
process of spillover being appropriated by individu-
als who create new firms (Colombelli & Quatraro, 
2018; Rocha, 2013), particularly in less technological 
sectors (Mazzoni et al., 2022). The presence of dense 
networks (in terms of resources and/or relationships) 
supports specialization and efficiency, which may 
lead to the formation of new ventures (Content et al., 
2019). Individuals may find a favorable career choice 
to start a new business in the local context, aiming for 
the possibility to provide complementary products/
services to incumbents while facing a lower risk for 
their embeddedness in the existing system. Based on 
this premise, our hypothesis is the following:

Hp1.1: A high level of relatedness positively influ-
ences the creation of new firms.

While few studies have investigated the effect of 
complexity on entrepreneurship with differentiated 
results (Du & O’Connor, 2021; Iftikhar et al., 2022; 

Legend: Hypotheses tested and expected effects: blue arrows = positive effect; black-dotted arrows = negative effect. 

Alleged effects (not tested): red arrows.
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Fig. 1  Theoretical framework 
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Nguyen, et  al., 2021), highly complex economies 
are supposed to have a double effect. On one side, 
the higher the level of variety the higher is market 
demand with more possibilities for individual entre-
preneurs to start up new activities concerning every-
day products/services.

On the other side, a more complex economic struc-
ture needs bigger quantities of new entrants to feed 
the business ecology of value chains. In this sense 
in a sophisticated local economy, new ventures with 
expected medium–low returns may find more oppor-
tunities to explore and exploit.

Hp1.2: A high level of complexity positively influ-
ences the creation of new firms.

2.2  Innovative startups

An innovative startup is defined as having the capac-
ity to introduce new business models, products, pro-
cesses, services, organizational formats, logistics, and 
productive architectures (Fritsch, 2019). This wide-
ranging definition makes it very difficult to establish a 
clear-cut limit, especially for the problematic aspects 
linked to innovation output measures. It has been com-
monly used as an approach based on the utilization of 
inputs that are likely assimilable to the production of 
innovative outputs, such as the number of resources 
and/or financial investments dedicated to R&D. In this 
framework, the actors involved can be reconducted to 
universities and corporate startups (Coad et al., 2021). 
The former exploit knowledge, resources (intellectual 
property), and internal and external partnerships devel-
oped at universities (e.g., due to the mobility of sci-
entists), thereby transforming high-potential research 
into the selling of products and/or services while 
relying on dedicated structures to develop their ideas 
(Perkmann et al., 2013). The latter, corporate startups 
(sometimes spinoffs of existing businesses), identify 
business opportunities with an extensive knowledge of 
problems, which was usually developed over years of 
work experience that allowed the identification of lim-
its, gaps, and possible sought-after models (Coad et al., 
2021).

Highly connected industrial structures represent a 
very promising arena of opportunities for innovative 
startups. This is due to the fact that existing business 

problems, which are often well-known to experts in a 
given industry, can be successfully addressed by inno-
vative startups, thus revealing new market channels in 
the idea-generation phase of a company (Czarnitzki & 
Delanote, 2013; Schneider & Veugelers, 2010). This 
process is often due to the strong connection between 
academics belonging to STEM disciplines and indus-
trial leaders at the territorial level, creating a win–win 
relationship among universities, research centers, and 
firms open to collaboration (Capozza et  al., 2018; 
Cavallo et al., 2020; Colombelli, 2016). As confirmed 
by the findings of the relevant literature (Antonietti & 
Gambarotto, 2020; Capozza et al., 2018; Innocenti & 
Zampi, 2019), there is a strong dependence between 
economic systems characterized by a high level of 
knowledge connection and startups that originate from 
universities or the exploitation of protected inventions. 
On the basis of this, our hypothesis is as follows:

Hp2.1: A high level of relatedness positively 
influences the creation of innovative startups.

However, no studies have investigated the com-
plexity/innovative startups nexus to date.

Complex economic local systems represent a 
crucial pool of opportunities for innovative start-
ups, as inventions and idea generation that originate 
from research spillovers need a very high-quality 
business environment in terms of material and non-
material resources and skills.

This is particularly relevant for innovative start-
ups because their success depends not only on the 
quality of the business idea, which is often very 
high, but also on their capacity to find the right 
fit between the value proposition and a responsive 
external environment.

Considering the subtle association between com-
plex economies and the presence of agents, firms, 
and institutions with high-level dynamic capabili-
ties, we hypothesize what follows:

Hp2.2: A high level of complexity positively 
influences the creation of innovative startups.

2.3  High-growth startups

High-growth firms (HGFs) represent a small propor-
tion of companies that outperform the competition 
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in terms of sales, employment, productivity, value-
adding, or market share (Brown et  al., 2017; Coad 
et  al., 2014; Moreno & Coad, 2015). Applying this 
framework to the business logic of startups allows 
to identify typologies of startups registering high 
growth performance in the first years of their lives are 
defined as “gazelles.” Despite existing controversy 
regarding their capacity to create a direct form of 
socio-economic wealth, high-growth startups (HGSs) 
have reached more consensus as promoters of disrup-
tive innovation (Acs et al., 2008).

The literature on HGFs has extensively analyzed 
individual factors that can affect the rapid growth of 
firms (Coad et al., 2014). However, few papers have 
observed geographical aspects (Stam, 2005) and ter-
ritorial determinants (Teruel & De Wit, 2017), while 
also remaining very silent on the knowledge combi-
nation process and cluster aspects (Audretsch, 2012). 
It should be remembered that the heterogeneous pres-
ence of HGSs may be due to the opportunity-scanning 
process conducted by aspirant entrepreneurs who may 
find the presence of highly codified and rigid cogni-
tive schemas inconvenient in terms of market share 
and positioning (Vedula et al., 2019).

As anticipated, considering the capacity of HGSs 
to outperform their competition, the process may be 
compared to that of breakthrough innovations (Cast-
aldi et al., 2015), suggesting that the presence of dis-
tant sectors (i.e., those not closely related) may favor 
the rise of firms able to integrate distant knowledge—
and thus become HGFs. Hence, it is reasonable to 
hypothesize that a more connected local industrial 
structure may hamper the idea-generation process of 
new businesses, as the serendipitous search by aspir-
ant entrepreneurs is limited with a focus on known 
problems, addressing incremental innovation. Based 
on what has previously been argued, the hypothesis 
we test in this regard is as follows:

Hp3.1: A high level of relatedness negatively influ-
ences the creation of HGSs.

HGSs represent the outcome of the divergent rep-
resentation of business problems and the search for 
alternative solutions able to boost internal capabilities 
relying on the introduction of new business models 
(Coad et al., 2021).

Highly sophisticated economic systems are char-
acterized by the presence of big players that may 

prevent the scalability of business models, thereby 
absorbing new ideas (Autio, 2009; Naudè, 2022). In 
this regard, the local search in the external environ-
ment (Gruber et  al., 2008) may be impeded by the 
presence of market leaders that prevent the growth 
of potential competitors with ad hoc killing strategies 
(e.g., acquisition, price competition, and talent hir-
ing measures). Therefore, a highly complex economic 
system, often characterized by the presence of strong 
monopolies, can result in a crowding out for aspir-
ant business leaders who find more difficulties in the 
execution of promising business plans because of the 
lack of available market channels and valuable human 
resources that are necessary for their projects. On the 
basis of this, we hypothesize what follows:

Hp3.2: A high level of complexity negatively influ-
ences the creation of HGSs.

2.4  Pioneers

Better market positioning, information advantages, 
and wise strategies push incumbents and new firms to 
pursue completely new activities (Ortega & García-
Villaverde, 2011). This is the sum of creative bri-
colage acts by entrepreneurs (sum of strategy and 
actions) that lead organizations to proactively deline-
ate a new competitive arena or perform as niche lead-
ers (Baker & Nelson, 2005; Ruiz-Ortega et al., 2018). 
This relationship has been extensively investigated 
as a singular process of the firm and based on the 
exploitation of key resources, accumulation of tacit 
knowledge, and establishment of barriers put in place 
to control the competition (e.g., a new patent) (Park 
et al., 2020). Notwithstanding, few studies have theo-
rized the key link with the industrial structure due to 
a mix of deliberate agency (e.g., re-qualification of 
competencies) mitigated by the condition of the con-
text (e.g., the occurrence of external general shocks) 
(Plummer et al., 2020; Suarez & Lanzolla, 2007).

Based on the existing literature, pioneers can be 
defined as “first movers” or “early adopters” in specific 
products, processes, services, or industries. The rela-
tionship between the industrial structure and the ori-
gin of pioneers can be explained as a variation in the 
resource environments, lowering of institutional bar-
riers, radically different use of technological endow-
ments, or individual exploration through a mindful 
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deviation process (Baker & Nelson, 2005; Garud & 
Karnøe, 2001; Ortega & García-Villaverde, 2011).

Highly connected and specialized economies can 
fall into cognitive lock-in traps, which may prevent 
the regional process of knowledge recombination 
(Antonietti & Montresor, 2021). By contrast, the 
creation of new paths, a leap from existing paths, or 
the revisitation of existing ones may originate from 
the presence of unrelated sectors (Plummer et  al., 
2020). Accordingly, new pioneering firms may need 
an external environment that is open to path-breaking 
initiatives (i.e., less anchored to traditional industries 
and supportive of riskier industrial strategies that are 
new to the region. On the basis of this, our hypothesis 
is as follows:

Hp4.1: A high level of relatedness negatively influ-
ences the creation of pioneers.

To date, few studies have analyzed the effect of 
complexity on new pioneering firms (Jara-Figueroa 
et  al., 2018). Complex economies are character-
ized by the presence of sophisticated productive 
systems, which make a riskier managerial choice 
to be the first mover in a given industry. Moreover, 
processes of mindful deviation in the style of Garud 
and Karnøe (2001) are rare because the opportunity 
space(s) left free by incumbents are often located in 
the hardest technical niches. In these niches, entrepre-
neurial behaviors oriented to exploitation are favored 
by a complex external environment in contrast with 
explorative behaviors that can more easily occur in 
less complex sectors with lower hurdles to overcome 

(March, 1991). Therefore, our hypothesis reads as 
follows:

Hp4.2: A high level of complexity negatively influ-
ences the creation of pioneers.

3  Data

As previously mentioned, the analysis was based 
on startups that arose in Italy during the 2015–2019 
period, which represent the dependent variable of our 
empirical setting (Table  1). The investigation of the 
different typologies of a startup was performed at the 
smallest geographical level of investigation offered 
by the European Union (EU) classification system for 
units with comparable population sizes: the NUTS-3 
regions (i.e., an Italian “province”). We choose Italy 
since it represents the case of a country historically 
anchored to industrial districts and thus particularly 
suited to investigating industrial specialization and 
diversification patterns (see Capozza et al., 2018).

The first classification was represented by all the start-
ups born each year (excluding the sole proprietorship 
firms) in the considered period and was drawn from the 
MOVIMPRESE database. MOVIMPRESE database is 
composed of the statistical analysis of the birth-mortality 
rate of all Italian enterprises (divided by legal forms and 
reported for NACE rev.2 sectors, regions and provinces) 
conducted by InfoCamere, on behalf of Unioncamere, on 
the archives of all Italian Chambers of Commerce.

The second category of startups was represented 
by those that are defined as “innovative startups” 

Table 1  Dependent variables

Variables Explanations Source

Startups(2015–2019) Number of startups in the period, excluding the sole proprietorship firms Movimprese
Innovative  startups(2015–2019) Number of innovative startups in the period Italian Cham-

ber of Com-
merce

High-growth  startups(2015–2019) 3

√

Employeest

Employeest−3
− 1 > 0, 2

OECD formula, where t − 3 is the year of birth and Employeest−3 > 10

Orbis

Pioneer  startups(2015–2019)
n
∑

i

newf irmsit
t−3

Where «i» are the firms «new to the province» (absence of new firms in sector 
«i» in the previous 3 years) and t is the year of birth

Orbis
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according to the Law Decree known as Decreto 
Crescita 2.0, which was instituted in Italy in 2012. To 
be listed in this special section, the firm had to respect 
the following parameters: less than 5 years old, pro-
duction value lower than 5 million Euro, no distribu-
tion of profits, a prevailing corporate purpose for the 
development, production, and commercialization of 
innovative products and services at a high technologi-
cal level.

In addition, they have to respect at least one of 
these three requirements:

• Expenses in R&D and innovation are at least 15% 
of the yearly costs

• 1/3 of employees with a Ph.D. or 2/3 with a mas-
ter’s degree

• The startup is the holder, depositary, or licensee of 
a registered patent or software

Due to these particular parameters and require-
ments, a startup may be considered innovative and 
could thus be inscribed in this new special section. 
The rationale of this public policy intervention aimed 
to introduce innovative culture guarantees to some 
young firms with certain characteristics, with ben-
efits such as favorable registration costs, tailored and 
flexible employment rules (labor regimes), tax incen-
tives, faster and cheaper bankruptcy procedures, and 
government guarantees on bank debt. The data used 
to identify these startups were drawn from the Italian 
Chamber of Commerce database (Colombelli, 2016).

The third category of startups considered in this 
work was represented by the HGSs.

There is no consensus on the definition of HGSs 
because the choice of indicator typology and meas-
urement approach can reveal different groups. Con-
cerning the former, it is difficult to choose the best 
indicator to identify HGSs considering Gibrat’s law, 
the heterogeneous antecedents that can influence firm 
growth (size, age, sector, and legal form), and the cas-
cade effects on the connected industrial value chains 
(e.g., resellers, suppliers, and intermediaries) (Coad 
et al., 2014). Concerning the latter, it is important to 
distinguish between two approaches: firms that grow 
the most in a certain period (considering the whole 
population) and firms that register growth over a cer-
tain threshold in a given period. Here, we followed 
the second approach due to the possibility to com-
pare HGFs across economies (following Coad et al., 

2014). HGSs were defined based on their growth dur-
ing the first 3  years of life (Eurostat-OECD, 2007; 
Moreno & Coad, 2015). In particular, we adapted the 
method used by the OECD, considering those start-
ups with an average growth of 20% for a period of 
3 years. Additionally, we decided to use employment 
rather than other measures of a firm’s growth or other 
performance metrics (sales and profits) as a measure 
less fluctuant. Second, we decided to only consider 
firms with at least 10 employees in their first year 
of life. This aimed to avoid counting companies that 
hired very few employees during the first 3 years of 
life as having high growth. In this case, the data were 
drawn from the Orbis database.

Finally, the last category of startups is represented 
by the pioneer startups, which are firms “new to the 
province” that pertain to sectors that did not give 
birth to startups during the last 3  years in the con-
sidered province (for a similar approach, see Jara-
Figueroa et al., 2018). To identify them, we also used 
data drawn from the Orbis database.

Considering the theoretical motivations (and 
empirical approaches drawn from the literature) 
adopted to define our startup categories, we do not 
find conceptual and data overlap among the three 
categories. On the conceptual side, we elaborate in 
the theoretical section on the different rationales and 
entrepreneurial goals that may lead to the birth of 
such typologies, finding substantial confirmation in 
the retrieved data. Accordingly, the highest overlap of 
retrieved firms is among the joint pool of HGSs and 
Pioneers and the overlap is well below the 1%.

This study presents two main variables of interest: 
Economic Complexity and Relatedness (for an extensive 
description of the methods, see Table  2 and Appendix 
Table  4). To compute the first variable, the economic 
complexity index (ECI), we used employment data 
(Innocenti et al., 2021; Mealy et al., 2019) drawn from 
a firm-level database (Orbis—Bureau Van Dijk) with 
industries disaggregated according to the Nomenclature 
of Economic Activities (NACE) industrial classification 
at the 4-digit level of all the analyzed provinces during 
the 2010–2014 period. We followed the methods pro-
posed by Hidalgo and Hausmann (2009) and refined 
by Balland and Rigby (2017). Thus, for our case, we 
computed the ECI using the second eigenvector of the 
squared matrix of dimensions equal to the number of the 
considered provinces (103), where the elements capture 
the similarity in the industrial structure of province pairs.
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Regarding the second variable of interest, related-
ness, many measures have been developed over the 
last 15 years (see Frenken et al., 2007; Hidalgo et al., 
2007; Neffke et al., 2011). The present work adopted 
one of the most convenient methods used to measure 
the relatedness between industries following a co-
occurrence analysis and thus did not rely on the num-
ber of digits shared to define the relatedness between 
sectors. For these interesting characteristics, this 
method has gained increasing consensus and has been 
widely applied in many fields, not only to study the 
relatedness between products as in the seminal work 
by Hidalgo and colleagues (2007) but also between 
technologies (Kogler et  al., 2013), scientific topics 
(Guevara et al., 2016), and industries as in the present 
work (Boschma et al., 2012; Innocenti & Lazzeretti, 
2019; Mazzoni et al., 2022).

Then, some control variables were added to the 
model (Table 2). First, following other studies on new 
firm formation, we controlled for the unemployment 
rate at time t as a possible determinant of new firm 
formation, as stated in the entrepreneurship debate 
(see Audretsch & Fritsch, 1994). Then, we also 
included the population density in all models. This 
variable was used to control for urbanization levels 
and was measured as the population and area ratio of 
provinces. Third, gross domestic product (GDP) per 
capita, a measure available in Eurostat, was used to 
capture the economic development of each province. 
GDP can be considered a proxy for the general eco-
nomic prosperity of a province (Lacalle-Calderon 
et  al., 2017). Additionally, there was a control for 

the percentage of workers with a temporary job over 
the total number of workers in each province (e.g., 
Vignoli et  al., 2012). This indicator was computed 
using data from the European Labor Force Survey, 
which is a comparative large-sample survey designed 
for collecting high-potential labor market data. We 
also introduced a variable to account for the human 
capital, which considers the number of graduates over 
the working-age population—a variable often asso-
ciated with high entrepreneurial performance. One 
other aspect that may influence entrepreneurial activi-
ties is the migration between provinces. Migration 
typically occurs from less economically advantaged 
areas to more economically advantaged ones (Fag-
gian et  al., 2017). Higher flows have been observed 
for employment reasons, and migrants are usually 
relatively young and active. Therefore, we added 
the province-specific net migration rate, taken from 
Eurostat data to the model specification. We also con-
trolled for the innovativeness of the province. For this 
reason, we used the patent production of each prov-
ince computed as the annual patent production per 
thousand workers to proxy for the innovation capac-
ity of a local territory (Bae & Koo, 2008). Finally, an 
indicator of institutional quality was included in the 
model since this is widely considered a key factor in 
favoring entrepreneurial activities at all geographical 
levels, with even greater relevance when an analysis is 
performed at the sub-national level (Audretsch, et al., 
2022; Stam & Van De Ven, 2021). The index used 
here was presented by Nifo and Vecchione (2014) and 
was largely used for the analysis of the Italian case for 

Table 2  Independent variables employed in the analysis

Variables Explanations Source

Complexity(2010–2014) Second eigenvector of the squared matrix M ∗ MT Orbis
Relatedness(2010–2014)

Rpt =
S
∑

s=1

Rck(
ncp+nkp

Np

)
Orbis

Unemployment(2010–2014) Rate of unemployment for each province Eurostat
Population  density(2010–2014) Population on province’s area (squared km) Eurostat
GDP per  capita(2010–2014) GDP per capita at constant prices in EUR Eurostat
Unstable  job(2010–2014) Percentage of workers with a temporary job European Labor Force Survey
Human  capital(2010–2014) Share of residents with tertiary education or higher European Labor Force Survey
Migration(2010–2014) Province-specific net migration rate Eurostat
Patent  production(2010–2014) Patent production per thousand workers Eurostat
Institutional  quality(2010–2014) Composite index (corruption, government effectiveness, regula-

tory quality, rule of law, and voice and accountability)
A. Nifo & G. Vecchione (2014)
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accuracy and the smaller unit of analysis (provinces). 
This is a composite index that considers five dimen-
sions: corruption, government effectiveness, regula-
tory quality, rule of law, and voice and accountability.

4  Econometric strategy

We analyzed the effect of industrial relatedness and 
complexity (2010–2014) on the birth of four differ-
ent typologies of startups in Italian provinces (103) 
for the 2015–2019 period. Considering the possible 
presence of zeros for particular typologies of high-
potential entrepreneurship (we have 8% for Innova-
tive Startups), we treated the birth of startups in the 
local context as a count variable, evaluating zeros 
as informative data and using the population den-
sity to account for regional differences (for a similar 
approach see Audretsch & Lehmann, 2005; Fritsch & 
Falck, 2007; Bonaccorsi et  al., 2013; Colombelli & 
Quatraro, 2018).

Given the nature of our dependent variables, both 
discrete and non-negative, the literature suggests 
employing an estimation strategy under the umbrella 
of the Poisson family (Hausman et al., 1984). Given 
the high variability of our dependent variables across 
provinces and sectors, we conducted a likelihood 
ratio test with the null hypothesis that the overdis-
persion coefficient is zero and the results (reported 
in each model) indicate the appropriateness of the 
negative binomial regression—a generalization of the 
Poisson model (Hilbe, 2011). We used panel nega-
tive binomial regression techniques with year and 
province (NUTS-3) fixed effects as well as a 5-year 
lag between dependent and independent variables to 
estimate our models. Mathematically, the estimated 
models took the following form:

The correlation matrix did not report a particularly 
high correlation level. However, to detect the pres-
ence of multicollinearity, a variance inflation factor 
(VIF) test was performed for all the tested models 
reporting max VIF values that reached the highest 
value of 5.25 (10 is usually considered the threshold), 
suggesting that multicollinearity was not an issue in 

Yi,t+5 = �i + �i + �1Complexityi,t

+ �2Relatednessi,t + �3Unempi,t

+ �4Pop densi,t⋯ + �nControlsi,t + �i,t

these models (Hair et al., 1995). For all of the depend-
ent variables, we followed a stepwise approach. Here, 
we reported four models for each dependent variable. 
Model 1 (a-b-c-d) with all the controls but without 
the variables of interest (complexity and relatedness), 
models 2 and 3 (a-b-c-d) tested with the variables of 
interest separately, and model 4 (a-b-c-d), which was 
the complete model with both complexity and relat-
edness together. Then, we included model 5 (a-b-c-d) 
aimed at identifying curvilinear effects of the varia-
bles of interests which includes also the squared value 
for complexity and relatedness. As a final robustness 
check, we added model 6 (a-b-c-d) to control for the 
well-known developmental differences between the 
north and south of Italy, through the inclusion of 
macro-regional dummies.

5  Results and discussion

The main results (Table  3) indicate that complexity 
plays a positive role in favoring overall entrepreneur-
ship and innovative startups (as defined by Italian 
law). A one-unit change in complexity had a multi-
plicative effect (of approximately 6%) on the overall 
birth of startups, whereas, for innovative startups, 
this effect reached a value of approximately 37%. The 
results show that also relatedness is significant for 
the birth of innovative startups; a one-unit change in 
relatedness resulted in an increase of 57% in the birth 
of innovative startups. Conversely, both economic 
complexity and relatedness were shown to be signifi-
cant and negative for HGSs and resulted in negative 
multiplicative effects of 16% and 33%, respectively. 
Finally, we did not find significant effects for pioneer 
startups. Overall, five out of our eight hypotheses 
were confirmed.

In addition, the assessment of the curvilinear effect 
of our two main variables of interest revealed an 
exponential effect of complexity for innovative start-
ups and an inverse curvilinear effect of relatedness on 
HGSs. The former confirms the need for innovative 
startups to be embedded in sophisticated areas, which 
work both as resource contributors and recipients of 
innovative products and services. The latter demon-
strates the positive contribution of relatedness for the 
birth of HGSs, up to a certain threshold, becoming 
negative afterward. This result is very informative 
as helps to finely characterize our previous findings, 
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suggesting how the affinity of locations and industrial 
activities hamper the rise of HGSs only if they are too 
high.

As an additional robustness check, we controlled 
for the effects of different types of activities (service/
manufacturing), including technological intensity,1 
and obtained three types of dependent variables for 
each group of startups.2 The group of overall startups 
did not register particular changes, except for high-
tech manufacturing, in which we did not find a posi-
tive or significant effect for complexity. Furthermore, 
the quadratic term of complexity turned out to be 
negative in the model with low-tech service startups, 
implying that everyday business services for consum-
ers and professionals can be smothered by excessively 
sophisticated economic systems.

The most relevant change occurred for the group 
of HGSs. Only startups active in low-tech sectors reg-
istered a significant effect of complexity and related-
ness, which was coherent with models 1c–5c. This 
result is highly informative, as almost 50% of HGSs 
are in this group, implying that high-growth everyday 
business startups are hampered as in the case of over-
all startups.

Pioneers instead did not report different results, in 
terms of significance, from models 1d–5d.

The control variables showed largely diversified 
results. While the GDP per capita was significant 
across all models, the effect was negative with respect 
to general and innovative startups while being posi-
tive regarding HGSs and pioneers. Population density 
had a positive effect on all the models regarding the 
general startups and all models except 3b regard-
ing innovative startups, while the effect was not sig-
nificant in all the models testing the effect on HGSs. 
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1 We define four new typologies of dependent variable exploit-
ing the Eurostat indicators on high-tech industry and knowl-
edge—intensive services and thus defining LT manufacturing, 
HT manufacturing, LT services, and HT services (aggregat-
ing medium–high and medium–low in the respective group) 
according to the correspondent list of NACE rev.2 codes 
(please check this link for the codes: https:// ec. europa. eu/ euros 
tat/ cache/ metad ata/ Annex es/ htec_ esms_ an3. pdf). Startups with 
NACE codes not included in the list have been excluded.
2 We did not include innovative startups, as the Italian Minis-
try of Economic Development already provides some distinc-
tive criteria (reported in Sect.  3) that qualify them as owners 
of significant technological tangible or intangible assets or lead 
by staff, equipped with human capital.

https://ec.europa.eu/eurostat/cache/metadata/Annexes/htec_esms_an3.pdf
https://ec.europa.eu/eurostat/cache/metadata/Annexes/htec_esms_an3.pdf
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While it turns out to be negative for pioneers, mean-
ing that urbanization is an important tool favoring 
new firm formation but not necessarily for the insur-
gence of rapidly growing firms. Coherently, it seems 
to downplay the insurgence of firms in new sectors, 
which is also likely due to the already high diversifi-
cation of urbanized areas.

Other interesting results were related to our last 
control, institutional quality. This variable was shown 
to be significant, with a positive effect on the over-
all number of startups shown by Italian provinces and 
also regarding the HGSs, while no significance was 
detected regarding the other two categories of start-
ups. This reflects the notion that institutional quality 
might favor the insurgence of new firms tout court 
and also foster their growth since a higher quality of 
institutions might play an important role from many 
perspectives (regulation, connections with institu-
tions, etc.). This has less to do with the insurgence of 
firms’ establishments in new industries firstly because 
major policies tend to reinforce preexisting speciali-
zations in the area, and secondly because this is more 
closely related to industrial or individual patterns. 
Also, regarding the innovative startups, institutional 
quality may play a minor role with respect to other 
categories and determinants. In fact, for this category, 
the innovativeness of the province seems to be impor-
tant and shows a significant and positive effect on 
the patent stock variable. In addition, regarding the 
robustness check connected to the well-known devel-
opmental differences between the north and south of 
Italy, we controlled for macro-regional differences 
including the relative dummies. The general results 
remained largely unchanged. However, the provinces 
located in the north and center of Italy outperformed 
the south in overall and innovative startups. By con-
trast, the south had a slightly higher performance con-
cerning the HGFs compared to the north, and, finally, 
the center showed a lower performance regarding 
the pioneer startups. Finally, considering the impact 
of pre-existing entrepreneurial institutions should be 
framed in a wide perspective of industrial evolution. 
In this regard, the literature has shown the crucial 
effect of historically rooted entrepreneurial role mod-
els, especially for their contribution to the knowledge 
accumulation capacity that favors the learning process 
at the local level (Cosci et al., 2022). For this reason, 

we performed an additional robustness test, including 
controls for historical factors and the persistence of 
startup activities in Italy. In order to rule out potential 
spurious correlations, we add two historical variables 
accounting for entrepreneurial activity of approxi-
mately one century ago (1927) derived from ISTAT 
data and divided by industry and services. The results 
(Table 6) do not show a significant effect for the high-
potential entrepreneurship categories. However, both 
industry and services historical entrepreneurial activi-
ties show a significant and positive effect on the over-
all entrepreneurial activity, in line with the results by 
Cosci et al. (2022).

These results offer an interesting departure point 
with respect to the hypotheses developed and to the 
literature that analyzes the nexus between industrial 
structure and entrepreneurship. While the results 
of relatedness impact different typologies of entre-
preneurships and are in line with existent literature, 
thereby confirming that the agglomeration effect 
positively stimulates innovative startups, the results 
of complexity are more controversial to interpret. 
Recent works on this theme suggest that the benefit 
of increasing economic complexity for laggard coun-
tries and regions is supposed to be bigger, consider-
ing also the presence of more business opportunities 
to explore in comparison to the most sophisticated 
ones (Du & O’Connor, 2021; Nguyen et  al., 2021). 
This context raises the following question: does this 
relationship hold for high-potential entrepreneurship? 
Based on the analysis conducted on Italian provinces, 
we confirm the problems evidenced by Naudè (2022), 
who hypothesized that the high level of complexity 
“ossifies” the most productive typologies of entrepre-
neurship. In particular, we found two contrasting sce-
narios for innovative startups and HGSs. While in the 
first case, relatedness and complexity played a posi-
tive role in the birth of innovative startups, the oppo-
site effect was observed for HGSs. Innovative startups 
represent the creative spark of an economic system 
because their prototypal solutions and strong connec-
tion with academia and research centers have a sym-
biotic relationship with a complex and highly con-
nected industrial structure. On the other hand, HGSs 
are often involved in fierce competition, which gives 
rise to a market saturation effect. With the advent of 
increasingly complex production paradigms (e.g., 
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those based on data as the main assets), global lead-
ers tend to preserve their monopolistic positions by 
killing competition, which represents a high risk of 
“lonely scaling.” Moreover, economic inputs are also 
combined in complex ways, with individual creativ-
ity finding increasing cognitive barriers to overcome. 
In other words, the entrepreneurial result that emerges 
from the complex interaction between structure and 
agency tends to become more difficult to develop. 
The extensive presence of too many specialized assets 
and an excessively high level of complementarity 
may prevent the birth of the most innovative ideas, 
which can already be protected by intellectual prop-
erty and be part of established productive workflows 
(Sautet, 2013; Naudè, 2022). Moreover, the analysis 
of the level of industrial technological intensity sug-
gests novel explanations. The negative effects of com-
plexity and relatedness in HGSs active in the provi-
sion of low-tech services may be interpreted as the 
cost of the whole economic system, which hinders the 
everyday entrepreneurship that originates competition 
and contributes to the creation of new jobs and soci-
etal wealth (Welter et al., 2017).

6  Concluding remarks

Economic complexity and relatedness are notions 
that characterize the industrial structure of countries, 
regions, and cities. The development and refinement 
of economic complexity and relatedness indexes pro-
vide the opportunity to quantify the capabilities avail-
able in a country as well as all the subtle structures 
(e.g., the knowledge and skills acquired through edu-
cation and work experience). In addition, this has the 
advantage of being comparable over time and across 
different units of analysis. The depicted structure has 
often been represented as a positive sign for entrepre-
neurship and economic growth.

The results of our analysis offer novel insights 
into the industrial structure and entrepreneurship 
typologies, suggesting caution in assuming a gen-
eral positive effect of economic complexity and 
relatedness. In the present study, we found two 
divergent results: a positive and strong effect of 
highly sophisticated and connected economies on 
innovative startups and a negative but weaker effect 

on the birth of HGSs. The former represents a posi-
tive result for the innovation capacity of a territory, 
strengthening the connections among industries, 
research centers, incubators, and other elements that 
characterize highly developed areas. Concerning 
the latter, HGSs may bring new scalable business 
models with considerable societal wealth, creating 
new jobs (especially in terms of everyday entrepre-
neurship) and reinforcing the capacity of regions to 
attract and retain human capital. Overall, we empir-
ically contributed to enriching the debate on what 
could be the effect of these two opposite forces on 
the development of entrepreneurship policies for the 
future of cities and place-based industries.

Moreover, our variables were shown to have no 
substantial effect on pioneer startups. Pioneers can 
support the rise of new trajectories in the region and 
favor the cross-fertilization of ideas to promote path 
rejuvenation.

Notwithstanding, this analysis is not without lim-
its. A first limitation is that we proxied innovative 
startups using the Italian Chamber of Commerce reg-
ister. As suggested by Fritsch (2019), innovation is a 
concept that is very difficult to capture and operation-
alize by considering a country’s level of development 
(i.e., what is innovative in one place could not be in 
another). A good proxy to overcome this bias could 
be observing the activity of venture capitals funds as 
careful observers of the phases of startup develop-
ment from the early stage to buyouts. Their screening 
actions could vary according to the legal form of ven-
ture capital funds, with private investors being more 
oriented toward high-return public to societal deliv-
ery (Fritsch, 2019).

Second, we ultimately could not observe the per-
sistence of growth among HGSs. Understanding the 
stages of their growth and the milestones of their 
lifecycles is fundamental for policymakers to pro-
duce sound policies (Moreno & Coad, 2015). With-
out observing the persistence of growth among HGSs 
over a long period, it is difficult also to assess the eco-
nomic and financial reasons behind their growth and 
the scalability of their business models.

Third, despite the efforts of the management litera-
ture to evaluate the pioneering propensity in relation 
to firm characteristics and behavior (Ortega & García-
Villaverde, 2011; Ortega et  al., 2018), the lack of a 
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common and robust empirical definition of pioneers 
makes the measurement of this phenomenon diffi-
cult. Future research is required to analyze the spa-
tial determinants of this typology of entrepreneurs 
as potential trigger agents of new industrial path 
formation.

Another limit of our work relates to the absence 
of an indicator for “unrelatedness.” Particularly in 
the long run, this could be a driver of higher growth 
and also show an important effect of favoring the 
insurgence of firms arising from the intersection of 
apparently distant sectors such as the case of pioneers 
(Pinheiro et al., 2018). Finally, the importance of con-
solidating the analysis for other countries and longer 
periods can be important to either reinforce or disre-
gard our findings.

Despite the acknowledged limitations, this study 
makes some important contributions to the entrepre-
neurship literature, showing that the context and, par-
ticularly, the industrial composition and sophistication 
of the area have distinctive effects on the opportunity 
identification process that generates the birth of start-
ups with different goals and ambitions (Vedula et al., 
2019). In this respect, some entrepreneurial implica-
tions may also be drawn. Our results underline how 
the founders of potential startups should carefully 
evaluate where to locate their firms while consider-
ing that the specialization and complexity level of the 
area may affect the conversion process of their busi-
ness ideas into new ventures. This in turn could favor 
or hinder collaborations, access to tangible and intan-
gible resources, and potential market development.

Appendix               4, 5, and 6

Table 4  Descriptive 
statistics

Variable Obs Mean Std. Dev Min Max

Startups 515 1340.887 2216.307 165 17,990
Innovative startups 515 16.406 39.633 0 480
High-growth startups 515 63.408 98.376 3 942
Pioneer startups 515 30.75 7.948 13 63
Complexity 515  − 0.028 1.014  − 1.716 2.043
Relatedness 515 2.35 0.242 1.501 3.171
Unemployment 515 10.56 5.171 2.667 27.53
Population density 515 266.765 350.353 19.814 2772.127
GDP per capita 515 31.142 8.25 17.924 66.883
Unstable job 515 0.163 0.045 0.067 0.38
Human capital 515 0.13 0.028 0.067 0.221
Migration 515  − 0.008 0.195  − 0.72 0.47
Patent production 515 0.153 0.162 0 1.647
Institutional quality 515 0.591 0.262 0 1
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Table 6  Robustness test using historical entrepreneurship data

*** p < 0.01, **p < 0.05, *p < 0.1

All startups Innovative High growth Pioneers All startups Innovative High growth Pioneers

Complexity 0.0529** 0.436***  − 0.171**  − 0.0236 0.0436* 0.414***  − 0.151*  − 0.0257
(0.0241) (0.150) (0.0814) (0.0807) (0.0234) (0.151) (0.0833) (0.0802)

Relatedness 0.0546* 0.454**  − 0.370***  − 0.139 0.0432 0.460**  − 0.394***  − 0.142
(0.0305) (0.210) (0.128) (0.108) (0.0293) (0.203) (0.128) (0.108)

Unemployment  − 0.000818  − 0.0113  − 0.0127 0.0119  − 0.00101  − 0.0120  − 0.0136 0.0134*

(0.00219) (0.0140) (0.00940) (0.00776) (0.00216) (0.0141) (0.00945) (0.00783)
Pop. Den 0.000670*** 0.000494* 0.000510* -0.000552 0.000467** 0.000396 0.000555*  − 0.000746*

(0.000185) (0.000300) (0.000304) (0.000358) (0.000213) (0.000328) (0.000302) (0.000386)
GDP  − 0.0124***  − 0.0572*** 0.0523*** 0.0215*  − 0.0123***  − 0.0587*** 0.0545*** 0.0204

(0.00388) (0.0211) (0.0135) (0.0131) (0.00378) (0.0213) (0.0135) (0.0129)
Unstable job  − 0.000257 2.138  − 0.880  − 0.484 0.0778 2.505*  − 1.008  − 0.626

(0.223) (1.432) (0.914) (0.814) (0.222) (1.489) (0.896) (0.833)
HC 0.481  − 1.363 0.369  − 1.952* 0.622**  − 1.517 0.185  − 1.957*

(0.314) (2.114) (1.255) (1.110) (0.304) (2.119) (1.257) (1.097)
Migration 0.0571 0.379 -0.406 0.138 0.0621 0.310  − 0.329 0.0698

(0.0696) (0.468) (0.296) (0.236) (0.0670) (0.472) (0.303) (0.239)
Patents 0.00350 1.039* 0.173 0.527  − 0.0262 0.913 0.190 0.513

(0.0924) (0.610) (0.372) (0.325) (0.0921) (0.628) (0.369) (0.323)
IQI 0.196** 0.260 0.556* 0.0536 0.194** 0.230 0.570** 0.0964

(0.0905) (0.493) (0.286) (0.319) (0.0891) (0.497) (0.283) (0.317)
Histent industry 91.58*** 101.2  − 8.495 32.34

(24.35) (65.04) (28.03) (46.91)
Histent services 104.4*** 52.60  − 30.78 62.62

(22.11) (61.57) (24.57) (49.09)
Constant 38.97*** -619.3*** -692.0*** 154.6*** 35.48***  − 620.2***  − 700.1*** 159.5***

(9.634) (56.12) (36.02) (32.06) (9.397) (55.81) (36.89) (32.06)
Observations 445 445 445 445 445 445 445 445
AIC 3824.7 1793.6 2608.4 2262.9 3815.1 1794.8 2607.0 2261.4
BIC 3878.0 1846.8 2661.7 2316.2 3868.4 1852.2 2660.2 2314.7
Log-likelihood  − 1899.3  − 883.8  − 1291.2  − 1118.5  − 1894.6  − 883.4  − 1290.5  − 1117.7
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Construction of variables of interests

Economic Complexity: to build the variable we pro-
ceeded as follows. Using employment data, we first 
defined the industrial specializations of the Italian 
provinces through the formula of the revealed com-
parative advantage3 (RCA). Then, we operationalized 
the RCA as an adjacency matrix (Mpi), where Mpi is 
equal to 1 if the p has a relative specialization in i, 
and equal to 0 if not. Then, we calculated the com-
plexity of each province based on employment data 
using the product matrix W equal to the product of 
matrix Mpi (row standardized) and its transpose MT 
(row standardized), a squared matrix (with dimension 
103 × 103). The elements along the principal diago-
nal of W represent the average ubiquity of the indus-
trial classes, in which the row and column province 
have an RCA. The off-diagonal elements represent 
the product of the industrial classes in which prov-
ince (j; row) has RCA and the ubiquity of the indus-
trial classes in which province (k; column) has RCA. 
These elements thus capture the similarity in the 
industrial structure of province pairs. The complexity 
for each province is provided by the second eigenvec-
tor of matrix W.

Relatedness: to build this second variable of inter-
est, we used again the RCA and computed the relat-
edness between every pair of industrial categories as 
the minimum of the conditional probability for every 
Italian province to find an RCA in industrial category 
i, given that the province already exhibits an RCA in 
category j. The result is an n*n matrix, where n repre-
sents the number of industrial categories considered, 
represented in this case by each NACE category dis-
aggregated at the four-digit level of detail, and each 
cell contains the measure of relatedness between two 
industrial categories.

Since the aim of the study is to determine if the 
concentration in an area of a high level of proximity 
among industrial categories is a driver of entrepre-
neurship and if this has a different impact depending 
on the four categories of startups considered here. We 
need a synthetic indicator of the relatedness of the 
provinces; for this purpose, the values of relatedness 

among industrial categories present in our n*n matrix 
are used to compute a measure of provincial related-
ness of the industries as follow:

where p represents the province, Rck is the index of 
relatedness between the sector c and k, ncp indicates 
the number of employees in the sector c of the prov-
ince p, nkp is the number of the employees of the sec-
tor k for the same province, and N represents the total 
number of workers of the considered province p. This 
indicator is added to control its effect on new firm 
formation. Synthetizing is a concentration measure 
computed summing up the proximity values for each 
sector by province.
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