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Abstract
This paper has assessed the dynamics of entrepreneurial ecosystems across the US 
states. To do this, we have used the Startup Formation Rate (SFR) and the Entre-
preneurial Quality Index (EQI) from a novel data set called the Startup Cartogra-
phy Project, which spans from 1988 to 2014. For this purpose, we have applied the 
Phillips and Sul (Econometrica 75:1771–1855, 2007, Econometrics 24:1153–1185, 
2009)’s club clustering algorithm in order to identify the existence of absolute or 
regional convergence. Our results suggest the existence of two and three clubs con-
vergence, respectively. More importantly, when attending EQI, California and Mas-
sachusetts form a club, which is evidence of the importance of quality entrepreneur-
ship over quantity. Furthermore, from a geographical point of view, SFR clubs show 
a scattered distribution throughout the national territory, while the EQI clubs are 
more homogeneous. In this sense, we apply the Local Moran I test to the EQI club 
that is formed by California and Massachusetts to analyze the possible spillover 
effects of these states, to their neighbours. Finally, this gives valuable information 
for designing entrepreneur policies at different levels.
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1  Introduction

Over the recent decades, the USA had a deep conversion and restructuring of its 
economic structure, trusting more on small businesses, entrepreneurship, and entre-
preneurship for innovation and competitiveness rather than large corporations based 
on economies of scale cite (Jing et al., 2015). For this, the USA is considered the 
leader in terms of transferring from management to an entrepreneurial economy 
(Audretsch et al., 2002).

Nevertheless, an increasing body of literature has honed in on the regional level 
for comprehending the evolution of the business landscape in a particular area 
(Andersson & Koster 2011; Fritsch & Wyrwich 2017b; Luo & Chong Luo and 
Chong (2019) or Fritsch & Wyrwich 2017b). In this vein, various factors influencing 
variations in self-employment rates among different regions within a country have 
been pinpointed (Cheng & Li, 2011). These disparities reflect the distinctive attrib-
utes inherent to each region.

In this context, investigating whether intra-country the different US states could 
form clubs would confirm if entrepreneurship culture spreads between neighbour-
ing regions. In this respect, as it is well-known, entrepreneurship has been treated 
with special attention in the literature, being very extensive and concluding that 
entrepreneurship is a geographical singularity influenced by the national context 
and, particularly, by the regional situation. Despite the existence of different national 
particularities which could affect entrepreneurship,1 i.e., the behaviour of GDP (Car-
mona et al., 2016), the Unemployment rate (Parker & Robson, 2004), the level of 
education in a territory (Amorós et al., 2019; Thai & Turkina, 2014), the existence 
of an administrative and institutional issues and/or legal framework (see Porter & 
Stern, 2001; Sölvell et al., 2003, among others).

In this regard, the concept of entrepreneurial ecosystem emerges in the literature 
as the composition of startups and the organizations and other actors2 which assist 
them (see Roundy et al., 2017; or Bergman & McMullen 2022, for instance). In this 
line, Mason & Brown (2014) expand the list of assisting organizations to startups 
with firms of venture capital, law firms, and accounting services. Indeed, it is worth 
noting that for entrepreneurs the location choice is frequently not explicitly made 
when they begin: they initiate in the area where they live and/or work, and rationally 
choose what kind of firm (in a particular product-market) to start (Audretsch et al., 
2022). Furthermore, according to Brown and Mason (2017), Riaz et al. (2022) and 
Audretsch (2023), this work aligns with the idea that entrepreneurial ecosystems are 
temporary and geographically influenced. It supports the view that these ecosystems 
are shaped by regional institutional, socioeconomic, and cultural factors.

Additionally, Andrews et al. (2022) provides a novel set of entrepreneurial eco-
system statistics for the United States (called Startup Cartography Project), which 
allows the evaluation of entrepreneurial ecosystems at multiple levels of geographic 

1  See Almeida et al. (2021) for an extension of these factors.
2  Spigel (2017) provides an exhaustive list, including human resource advisors, incubating and acceler-
ating firms, co-working facilities, mentors, talent, universities, physical infrastructure, or open markets.
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analysis, empowering academics and policymakers to consider the power of place 
in novel ways. They also suggest two new ways of collecting quality and quantity 
in entrepreneurship not seen until now: “The Startup Formation Rate (SFR, here-
after), which is based on the quantity of new business registrants within a given 
population; and the Entrepreneurial Quality Index (EQI, hereafter), as the average 
growth potential (or “quality”) of any given group of new firms.” Measurement of 
an entrepreneurial ecosystem needs to somehow link the measurement of entrepre-
neurship to these potentially skewed outcomes. Hence, by assessing the potential of 
an entrepreneurial ecosystem, it is necessary to check not only the quantity of new 
startups being formed there but also their growth potential, that is, their “entrepre-
neurial quality”. Attending to the distinction quality vs. quantity, i.e., the SFR and 
the EQI, there is an increasing number of studies published in the last five years 
that analyze the factors (see Xie et  al., 2021 for a deep debate of this issue) that 
delimit the difference between both concepts. In this regard, Shane (2009) asserted 
that the government should endow only those companies that possess considerable 
growth potential, and the preference of seeking entrepreneurial development is sug-
gested to recognise those startups (Mason & Brown, 2013). More recently, academ-
ics have documented the necessity of considering high-impact ‘unicorn ventures’ 
(see Acs et al., 2016 and Acs et al., 2017), which can reflect the quality of regional 
entrepreneurship.

The literature concerning regional entrepreneurship has pursued to respond to 
a key question: Why do certain regions have different patterns of entrepreneurial 
activity than others? In our case, we try to disentangle that question by attending 
to the US states to recognize the different paths of regional entrepreneurship in the 
USA and the intrinsic relationship among them. Thus, we probe the extent to which 
variable included in Andrews et  al. (2022) Startup Cartography Project, i.e., SFR 
and IQE, for the USA states exhibit convergence club and the character of that con-
vergence. We firstly test for evidence of both global convergence (convergence to 
a national average) and evidence of convergence club, i.e., by separating groups of 
states converging, employing Phillips & Sul (2007, 2009)’s club convergence meth-
odology. Given the evidence on regional differences in SFR and EQI, club conver-
gence would appear to be the most likely outcome. As a result, regional differences 
could become more firmly established if some states converge at a lower rate than 
that achieved by other faster-growing states or clubs of states. This might create a 
challenge to entrepreneurship policy. Thus, if a different converge club exists, we 
could state that it could influence economic activity by region. Our results evidence 
that global convergence would be implausible. In this respect, we find two clubs, 
when attending SFR and three clubs, when attending EQI. In this latter case, it is 
remarkable the existence of a club formed by Massachusetts and California, but this 
finding is not surprising. Additionally, regarding the results obtained when attending 
to EQI, we extend our analysis using the Local Moran I to test the existence of “Hot 
Spots and Cold Spots”. Finally, these results bring some policy implications differ-
entiating by states and regions concerning entrepreneurship.

The remainder of this paper is organized as follows. Section 2 addresses the the-
oretical background of this topic. Section  3 describes the data and the methodol-
ogy applied in the study. Afterwards, the empirical results are shown in Section 4. 
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Finally, we accomplish the paper and discuss the potential policy implications of the 
results obtained in Section 5 and 6.

2 � Theoretical background

From an economic point of view, entrepreneurship is viewed as an essential pro-
moter of growth and regional wealth through its progressive effects on productiv-
ity, innovation, employment, and competition (see Acs & Armington, 2006; Braun-
erhjelm et  al., 2010; Mittelstädt & Cerri 2009, among others). Thus, there exists 
a considerable discussion in the literature regarding the effect of economic condi-
tions on entrepreneurship. In this sense, the literature distinguishes two cases: when 
economic recessions occur, this pushes people into entrepreneurship, because of 
the absence of paid-employment opportunities and due to the higher availability of 
second-hand capital equipment during recessions, being called necessity entrepre-
neurship (Carmona et  al., 2016); and the opposite case, the so-called opportunity 
entrepreneurship (Fairlie & Fossen, 2018).

In this sense, as Burke et  al. (2021) claim, opportunity entrepreneurs create a 
more considerable economic contribution than necessity entrepreneurs. Suppose a 
higher proportion of entrepreneurs in high-growth regions are opportunity entrepre-
neurs. In that case, economic growth will be more remarkable, being this key for the 
distinction between the economic situation and the different types of entrepreneurs. 
Indeed, some authors argue that this distinction may be a proxy of quality entrepre-
neurship, the classic struggle between quantity vs. quality. Thus, this distinction is 
widely treated in empirical studies, which demonstrates how entrepreneurship rates 
vary between and within countries (Cheng & Li, 2011), national contexts (see Wen-
nekers et al., 2005, for instance), or regional environments (Cravo et al., 2015; Luo 
& Chong, 2019).

For this reason, there exists a strand in the literature that has focused on the char-
acteristics attending to a regional level as a base for understanding the development 
of entrepreneurship in a given territory (see, for instance, Almeida et  al., 2021; 
Fritsch & Wyrwich, 2017a, 2019). Nonetheless, one has to take into account the 
existence of factors that push alterations in entrepreneurship variables among dif-
ferent regions or states in a country, being a signal of the existence of particular 
features of each region that can influence the participation in entrepreneurship (Ross 
et  al., 2015) or additionally, these particular features could spread across regions, 
forming clusters or clubs where the ideas and skills amongst individuals, institutions 
and firms could be transmitted, blooming the pass-through of knowledge through 
the region (Claver-Cortés et al., 2020; Singh, 2005; Zhu et al., 2019). Consequently, 
a given region’s business and economic context would be more and more compet-
itive in a given area. The regions that hold those clusters would experiment with 
more sharp economic growth (Wolman & Hincapie, 2015).3

3  In this sense, Audretsch & Feldman (1996) suggest that business activity could rest toward spatial clus-
tering.
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Regional studies have highlighted at least three distinct drivers of agglomeration: 
knowledge spillovers, input–output linkages, and labour market pooling. Although 
the literature on grouping states or regions by attending the entrepreneurship varia-
bles is limited, cluster theory demonstrates that entrepreneurship is related to spatial 
factors due to geographic interdependence among different locations (Lado-Sestayo 
et al., 2017; Almeida et al., 2021). Indeed, the greater the accessibility of regional 
variables, the more profound attention to be transferred to regional, spatial analysis 
a growing topic in research on regional economies (Stuetzer et al., 2018; Fritsch & 
Wyrwich, 2021). In this regard, Delgado et al. (2010, 2014) show evidence that a 
strong cluster environment surrounding a particular region boosts the incentives and 
possibilities for entrepreneurial endeavours. Companies within these geographically 
concentrated clusters collaborate, sharing technologies, skills, knowledge, input, 
consumers, and institutions, thereby facilitating agglomeration. In this sense, the use 
of spatial analysis allows us to recognize the possible spatial dependence or group-
ing between regions, i.e., a process where a given region’s growth or new firms is 
subjective by what happens in adjacent regions (Audretsch & Keilbach, 2007).

Similarly, according to Saridakis et al. (2019), if entrepreneurial rates align, it is 
probably a result of the synchronization of economic growth and business cycles, 
along with the convergence of economic policies. But keep in mind that national 
economies and the people living there also play a role in shaping entrepreneur’s 
rates. The specific industries prevalent in a country, such as agriculture and tour-
ism, can significantly impact the overall landscape of entrepreneurs. However, as 
indicated, there may exist different intra-country behaviour of the regions that com-
pound a state. Thus, the analysis of convergence among them emerges as a valid 
way to assess and capture the different patterns that can occur. In this sense, the 
convergence clubs or club clustering algorithm has been applied in the literature. 
From an economic theory point of view, the term convergence usually indicates the 
hypothesis that all economies would finally converge in terms of per capita output, 
for instance. However, in relation to this topic, traditional papers typically separated 
all individuals into subgroups based on some previous information (such as geo-
graphic location) and subsequently tested the convergence hypothesis for each sub-
group, respectively (Du, 2017).

Attending to the application of this methodology is widely used in other fields of 
study, such as energy, environmental economics, house prices, or tourism, but, as 
far as we know, its use on this topic is scarce. However, we can highlight Saridakis 
et al. (2020) which examines entrepreneurship rates in 12 UK regions applying the 
Phillips & Sul (2007) model and demonstrating a North–Middle–South divide (in 
contrast to the findings of Burke et al. (2009), which suggest a North–South divide) 
where English southern regions indicate higher levels of entrepreneurship. Further-
more, Belitski & Korosteleva (2010) study entrepreneurialism at the city level, find-
ing dependencies on city size, socioeconomic conditions, crime rate, or the situation 
of such a city.

Finally, extensive literature affirms that entrepreneurialism is geographi-
cally influenced by national, regional, or local contexts (Sternberg & Wennek-
ers, 2005; Fritsch & Wyrwich, 2014). This spatial environment fosters knowledge 
exchange between individuals, institutions, and businesses, potentially spreading to 
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neighboring regions and forming clusters of entrepreneurs. These clusters improve 
regional competitiveness and drive pronounced economic growth (Spencer et  al., 
2010; Zhu et al., 2019).

Moreover, Audretsch & Feldman (1996) emphasize that entrepreneurial activities 
tend to cluster spatially, and cluster theory underscores the link between entrepre-
neurship and spatial factors. These spatial analyses also uncover the potential trans-
mission of indirect effects between neighbouring locations, referred to as spatial 
dependence, which, in turn, influences regional growth (Lado-Sestayo et al., 2017). 
In this line, Plummer (2010) delves into the spatial dependencies of entrepreneur-
ial endeavours and advocates the incorporation of spatial econometric methods in 
entrepreneurial research, highlighting the tendency of new firms within the same 
industry to form geographical clusters, emphasizing their reliance on regional envi-
ronments and proximate resources.

Despite the significance of spatial dependence in fostering entrepreneurialism 
within regions, there is still a need for further exploration in empirical studies on 
this topic. Audretsch & Keilbach (2007) argue that business creation processes 
exhibit spatial correlation and have an impact on adjacent regions. Thus, the impor-
tance of spatial dependence in the evolution of entrepreneurialism over time remains 
substantial, but empirical research in this area is still limited.

2.1 � The entrepreneurial ecosystems

The concept of the entrepreneurial ecosystem has gained significant traction in both 
academic and policy circles. Following Stam & Van de Ven (2021), the concept of 
entrepreneurial ecosystems is compounded by two main terms coined from differ-
ent disciplines, i.e., entrepreneurial and ecosystem. The first element refers to the 
exploration, evaluation, and exploitation of opportunities to create new goods and 
services (Schumpeter, 1934; Shane & Venkataraman, 2000) and, on the other hand, 
the second term, ecosystem, comes from a biological point of view and refers to a 
community of living organisms and nonliving elements that share a physical envi-
ronment and interact with themselves, creating a complex nested system of mul-
tifarious associations and players. In this sense, the entrepreneurial ecosystem is 
envisioned as a dynamic institutionally embedded network that promotes interac-
tion among interconnected stakeholders. This interaction facilitates resource mobi-
lization, entrepreneurial initiatives, and the success of both new and existing firms 
(Lafuente et al., 2022).

Entrepreneurial ecosystems emphasize the relationships among factors such as 
policy, culture, human capital, market, access to finance, and innovation capac-
ity that drive entrepreneurial success in a region (Acs et  al., 2014). Audretsch 
et al. (2019b) categorize these ecosystems into three types: economic, technologi-
cal, and societal, with economic outputs reflecting capital wealth, prosperity, and 
value creation. Colombelli et al. (2019) highlight that the developmental trajec-
tory of an entrepreneurial ecosystem often hinges on a local “anchor tenant”. In 
contrast, Roundy and Lyons (2023) argue that linking the terms “entrepreneurial” 
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and “ecosystems” may distract from the central role of entrepreneurs, individual 
agency, and personal networks in the entrepreneurial process.

Entrepreneurial ecosystems play a pivotal role in stimulating employment 
opportunities, fostering innovation, and driving economic growth, as evidenced 
by Glaeser et al. (2010, 2015) or Akcigit & Kerr (2018) or as (Conti & Guzman, 
2021) note, many startups from highly innovative economies to the United States, 
prompting the question of what advantages the U.S. entrepreneurial ecosystem 
offers compared to these economies, suggesting that US entrepreneurial ecosys-
tem is widely perceived as relatively more successful.

The measurement of entrepreneurial ecosystems has evolved significantly, with 
early attempts relying on quantitative data, as noted by Leendertse et al. (2022) 
and exemplified by Ács et al. (2014). However, Rocha et al. (2021) critique these 
approaches for their dependence on static cross-sectional data, which limits their 
ability to capture the dynamic nature of ecosystems. In response, Riaz et  al. 
(2022) advocate for more holistic methodologies that emphasize the interplay 
between entrepreneurial activity and its contextual environment, a perspective 
supported by Abootorabi et  al. (2021); Liguori et  al. (2019); Theodoraki et  al. 
(2022). This shift marks a departure from earlier entrepreneurship studies, which 
predominantly focused on individual traits and personality, often overlooking the 
broader contextual influences on entrepreneurial behavior (Cavallo et al., 2019). 
Despite this progress, the field remains divided. While Theodoraki et al. (2022) 
highlight the diversity of methodologies in entrepreneurial ecosystem research-
ranging from theoretical studies (Audretsch et  al., 2019a; Nicotra et  al., 2018; 
Roundy et al., 2018; Cao & Shi, 2021) to applied studies (Theodoraki et al., 2018; 
Audretsch & Belitski, 2017; Audretsch et al., 2019a; Colombelli et al., 2019; Lig-
uori et al., 2019)-there is a notable imbalance. As Rocha et al. (2021) observe, the 
literature has historically favored conceptual and qualitative approaches, leaving 
quantitative research underdeveloped and often lacking definitional clarity. More-
over, Cho et al. (2022) argue that a critical gap remains: the absence of a tempo-
ral dimension in most studies. This omission is particularly problematic given 
the inherently dynamic and evolving nature of entrepreneurial ecosystems, which 
necessitates methodologies capable of capturing their continuous development 
over time. This line of reasoning leads to the following proposition:

Proposition 1  Entrepreneurial ecosystems among US states evolve over time.

Understanding and measuring the complex, non-linear relationships within 
entrepreneurial ecosystems remains a significant challenge. To address this, John-
son et  al. (2022) propose a novel approach that leverages multiple high-volume 
data sources to accurately capture and analyze ecosystem dynamics. They stress 
the importance of robust database methodologies for measuring dynamic inter-
actions, calling for further research to deepen insights into ecosystem behavior. 
This aligns with Colombo et al. (2019), who explore the governance of entrepre-
neurial dynamics and identify key players that influence these processes. Simi-
larly, Roundy et al. (2018) advocate for the development of new methodologies, 
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arguing that conventional linear approaches are inadequate for capturing the 
dynamic and evolving nature of ecosystems. Complementing this, Corrente et al. 
(2019) introduce a probabilistic ranking system to assess the variability of factors 
influencing entrepreneurial ecosystems, facilitating more nuanced comparisons.

Digital technologies play a critical role in shaping entrepreneurial ecosystems. 
According to Colombelli et al. (2024), digital tools facilitate knowledge sharing and 
collaboration among digitally skilled individuals, which in turn drives the develop-
ment of innovative digital start-ups. These technologies also promote local territo-
rial development by diminishing the importance of geographic distance, as digitiza-
tion becomes a key mechanism for enabling knowledge spillovers. For example, in 
certain American regions, digital start-ups utilize knowledge from universities and 
firms to create new entrepreneurial opportunities within their ecosystems. These 
regions attract talented individuals who, through interactions with experienced 
peers, foster intellectual exchanges and the generation of new knowledge, fueling 
both innovation and ecosystem growth. Building on this, Audretsch and Belitski 
(2024a) highlight that younger enterprises operating in digitally advanced environ-
ments are particularly inclined to invest in R&D and innovation, underscoring the 
transformative power of digitalization in driving entrepreneurial success.

Audretsch et al. (2022), in their survey, argue that to consider an effective entre-
preneurial ecosystem, there must exist a successful economic and societal perfor-
mance. Hence, it is a pearl of wisdom in the geography of entrepreneurial literature, 
with some transcendent exceptions, for example, entrepreneurs who move to Silicon 
Valley to acquire venture capital (Conti & Guzman, 2021). In this sense, Guerrero 
et al. (2021) analyzes how the conditions of the environment change given the entre-
preneurial stage of the enterprises within different places. Furthermore, Audretsch 
et al. (2021) and Audretsch and Belitski (2021) focus attention on the value of geo-
graphic heterogeneity across sub-national regions and cities and sources of variation 
in the quality of factors that foster entrepreneurship performance.

Indeed, the entrepreneurial ecosystem is typically examined from the perspective 
of spatial agglomeration, bearing some resemblance to concepts such as clusters and 
regional innovation systems (Alam & Bhowmick, 2023). In this way, another strand 
of entrepreneurial ecosystems has focused on spatial dimensions, emphasizing the 
relevance of regional proximity (Acs et al., 2017; Brown & Mason, 2017). Conse-
quently, there has been a growing interest in studying entrepreneurial ecosystems 
to understand geographically bounded agglomeration effects (see Audretsch et al., 
2019a). In this regard, Leendertse et  al. (2022) suggest that the most appropriate 
level of analysis is the city or regional level. Consequently, we can highlight the 
empirical literature from a spatial perspective, focusing on the different elements 
that form entrepreneurial ecosystems (Stam, 2015; Stam & Spigel, 2018; Stam & 
Van de Ven, 2021), or from a local point of view (see Aoyama, 2013; Spigel, 2017; 
Colombelli et al., 2019; Neumeyer et al., 2019; Cavallo et al., 2019; Adams, 2021; 
Audretsch & Belitski, 2021; Shi & Shi, 2022; Leendertse et al., 2022; Muñnoz et al., 
2022; Cavallo et al., 2023, among others).

The role of open innovation in entrepreneurial ecosystems is closely tied to 
geographical proximity. Audretsch & Belitski (2024b) investigate how proxim-
ity influences knowledge collaboration between Schumpeterian firms and external 
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partners-such as suppliers, customers, universities, and consultants-and its impact 
on innovation output. Their study builds on earlier research on knowledge spillo-
vers and partner diversity, arguing that firms benefit significantly from collaborating 
with geographically close partners, particularly in regions with high concentrations 
of wealth and knowledge-intensive industries. However, they also highlight the chal-
lenges and opportunities that co-location presents. Expanding on this, Audretsch 
& Belitski (2024c) emphasize that the effectiveness of knowledge collaboration 
depends on firms’ ability to establish strong ties, which can reduce transaction and 
opportunity costs. Similarly, Yasin et  al. (2024) note that knowledge spillovers 
are not limited to a single region but can extend across regions, generating posi-
tive externalities. This is especially beneficial for resource-constrained firms, such 
as small businesses and startups, which gain significantly from being co-located 
with knowledge sources. As Audretsch et  al. (2023); Belitski et  al. (2024) argue, 
localized knowledge transfers foster more sustained R&D collaboration compared 
to distant interactions, underscoring the critical role of proximity in driving innova-
tion and entrepreneurial success. In agreement with these arguments, we develop the 
second proposition as follows:

Proposition 2  The nurturing of entrepreneurial ecosystems in a given US state is 
facilitated by its geographical spillovers.

3 � Data and Methodology

3.1 � The club convergence algorithm

The procedure developed by Phillips and Sul (2007, 2009) (PS, hereafter) is 
employed to assess the Startup Formation Rate (SFR, hereafter) and the Entrepre-
neurial Quality Index (EQI, hereafter)4 convergence dynamics in a panel of the US 
states and detect any convergence clubs. The PS procedure has several advantages 
over other approaches. It identifies groups of individuals in the panel that shares 
similar behaviour in their convergence paths even when there is no total conver-
gence. The process may expose the existence of multiple convergence clubs and, at 
the same time, let some individuals diverge. Additionally, the gathering of groups is 
based on the features of the data rather than on a priori assumptions, and it permits 
for heterogeneity amongst the time series included in the panel. Moreover, the PS 
test is robust when the series has a stationary trend and also under the presence of 
stochastic non-stationarity (Mérida et al., 2016). The method utilized contemplates 
cross-section elements (states) to be heterogeneous, and the dynamics of each of 
them are distinguished based on a single-factor model.

4  For convenience, we have called EE the terminology used in the methodology and it is the abbreviation 
of the entrepreneurial ecosystem. EE represents both variables.
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In the following specification (Eq.  1), �i quantify the average distance of the 
entrepreneurial ecosystem EEit of each state concerning the common systematic 
part, �t , and �it is the error term.

The model may consider other panel data aspects, where ait and xit represent the 
systematic and the transitory components, respectively and can be decomposed as 
follows

Phillips & Sul (2007) further develop the following expression (Eq. 3) by dividing 
and multiplying Eq. (2) by the common component ( �t ), such as:

where �it reflects the idiosyncratic component and �t represents the common trend 
component, both of which are time-varying. Particularly, �it gives evidence of the 
transition path of each individual to the common steady-state path, which is rep-
resented by �t . To remove the common component, therefore separating the idio-
syncratic component, and to check if �i converges to a constant, � , Phillips and Sul 
(2007) propose achieving ratios to describe a relative transition parameter, hit:

hit estimates how the variable of interest for individual i evolves relative to the panel 
average.5 The null of the PS test could be expressed within a semiparametric model 
for �it:

where �i is fixed, �it is independent and identically distributed across i, L(t) is slowly 
varying, increasing and divergent at infinity and, � corresponds to the decay rate 
such �it converges to �i when � ≥ 0 . In this regard, the null and alternative hypoth-
eses of convergence are, respectively:

H0 ∶ �it = � and � ≥ 0

H1 ∶ 𝛿it ≠ 𝛿, ∀i or 𝛼 < 0

The default hypothesis of convergence can be tested following the regression 
model:

(1)EEit = �i�t + �it

(2)EEit = ait + xit

(3)EEit =

(

ait + xit

�t�t

)

= �it�t, ∀i, t

(4)hit =
EEit

N−1
∑N

i=1
EEit

=
�it

N−1
∑N

i=1
�it

(5)�it = �i +
�i�it

L(t)t�
, t ≥ 1, �i ≥ 0 ∀i

5  In case of ultimate convergence amongst the individuals, h
it
→ 1 and H

it
→ 0 as t → ∞ , where 

H
it
= N−1

∑N

i=1
(h

it
− 1)2 reflects for the cross-sectional change of the relative transition growth path.
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In this regression model, L(t) = log(t) and b̂ = 2𝛼̂ , being 𝛼̂ is the OLS estimate of � 
and when b̂ ≥ 0 it is said that there exists panel convergence; the contrary reflects 
divergence in the panel. Phillips & Sul (2007) model uses the one-sided t test and 
the null hypothesis is accepted at the 5% level. Additionally, the sign of b̂ speci-
fies if the ratio of cross-sectional variance H1∕Ht rises or drops over time. When b̂ 
is positive (negative), the cross-sectional variance ( Ht ) leans to be lesser (greater) 
than the early cross-sectional variance ( H1 ). Furthermore, when this b̂ coefficient is 
positive (negative) and statistically significant, the log(t) test would suggest conver-
gence (divergence) among the cross-sectional units of the sample. Following Men-
dez (2020), attending to its sign and the magnitude of b̂ provides different patterns 
of convergence. If b̂ < 0 , it is said that there exists divergence. When 0 ≤ b̂ < 2 , the 
model suggests relative convergence or convergence in growth rates. If b̂ ≥ 2 , the 
model suggests convergence in levels (that is, absolute convergence). Finally, the 
speed of convergence can be estimated as b̂∕2.

Finally, if the null hypothesis is rejected, this implies that there is no full conver-
gence in the panel, but there may be different subgroups displaying different con-
vergent patterns. Due to an empirical clustering algorithm, the PS method allows 
identifying the number of convergence clubs in the data set in addition to the diverse 
members who are contained in each of those clubs6.

3.2 � Local Moran I: The Hot Spot–Cold Spot analysis

To assess the spatial structure observed in quality clubs (EQI), we performed a spa-
tial autocorrelation analysis at the state level. Local Moran I, also known as “Hot 
Spot–Cold Spot" analysis, is a spatial statistics methodology employed to detect sig-
nificant spatial clustering patterns within geographical datasets. Widely utilized in 
the field of spatial statistics and spatial pattern analysis (see Anselin, 1995), it is uti-
lized to identify geographic regions that exhibit either high or low concentrations of 
similar values, commonly referred to as “hot spots” and “cold spots”, respectively. 
Moran’s I statistic read as:

(6)log(H1∕Ht) − 2logL(t) = ĉ + b̂logt + ut

6  The procedure starts by ordering individuals in the panel agreeing to their last observation. Later, 
log(t) regression is run for the highest k individuals within the group, where N > k ≥ 2 , to develop the 
subgroup G

k
 and estimate its convergence t-statistic, t

k
 , with t

k
 > −1.65. The subsequent step involves 

adding one member at a time to subgroup Gk and performing the log(t) regression again to compute its 
respective t-statistic. The subgroup G

k
 will enhance the first convergence club if the t-statistic is over 

zero. Finally, we suggest compiling another log(t) regression for the rest of the individuals to appreciate 
if they all converge, which could mean that they form the second and, thus, last club. However, the for-
mer steps should be taken for these individuals to examine whether they can be clustered in two or more 
convergence clubs. It could be possible that no clubs can be formed at all, which would denote that these 
individuals diverge. See the original work of Phillips & Sul (2007) for more on the issue.
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with z, being the objective variable of the study in deviations from the mean (or 
fully standardized, such that the variance equals one) and wij the weight matrix.7

Since this analysis needed to be performed statically, we decided to calculate 
quality averages across states for the years 1988–1994, 1995–2000, 2001–2007, and 
2008–2014. These subperiods align with different economic conjunctures in the US 
economy, which may be of interest to our analysis. In the late 1980s to the mid-
1990s, the country enjoyed sustained growth, driven by technological advancements 
and globalization, with low inflation. The late 1990s saw a tech-driven economic 
boom (often referred to as the “dot-com bubble”) with record stock markets. From 
2001 to 2007, there was a brief recession, followed by a housing bubble and con-
cerns about financial stability. The period from 2008 to 2014 was marked by the 
severe impact of the global financial crisis, leading to a deep recession and a slow 
recovery, necessitating significant government stimulus and monetary measures.

3.3 � Data

To achieve the proposed objective, we used the Startup Formation Rate (SFR) and 
the Entrepreneurial Quality Index (EQI) for the 49 states of the USA and Wash-
ington, DC, during the period 1988–2014, the Startup Cartography Project (SCP), 
which offers a new set of entrepreneurial ecosystem statistics for the United States. 
According to Andrews et al. (2022), SFR is a measure of the formation of new com-
panies (within a defined cohort of firms for a given period and geographic range). 
EQI is a measure of the average quality within any cohort, allowing the probability 
of a growth outcome to be calculated within a specific population of start-ups. These 
different dimensions capture not only the quantity, but also the quality of entrepre-
neurialism,8 which is critical to analyze the impact of an entrepreneurial ecosystem. 
Importantly, from a dynamic perspective, they can affect the ecosystem pillars over 
time.

4 � Empirical results

In this section, according to the abovementioned econometric strategy, we show the 
results of the estimates to deepen the absolute and relative club convergence attend-
ing to different variables of “The Startup Cartography Project", represented by the 

(7)I =

∑

i

∑

j

wijzizj

∑

i

z2
i

,

8  The effects of the quality of entrepreneurial ecosystems are likely to be perceived at the aggregate level 
(the quantity and/or quality of entrepreneurship in a particular territory), not necessarily by the individ-
ual entrepreneur.

7  We estimate the test using different forms of weights matrices such as binary (rook and queen) conti-
guity matrix of order 1 and distance matrices (k-nearest neighbours with different numbers of k).
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Startup Formation Rate (SFR) and the Entrepreneurial Quality Index (EQI) for the 
US states from 1988 to 2014. Firstly, we employ the Hodrick–Prescott (HP) filter 
to obtain the series of SFR and EQI trends. Once we have extracted these trends, 
we apply the algorithm of Phillips & Sul (2007, 2009) (see Du, 2017 and Sichera 
& Pizzuto 2019). Then, the log(t) convergence test is addressed to check if there is 
global convergence among the US states for each variable independently. In Table 1, 
we assess the notion of convergence based on the log(t) convergence test of Phillips 
& Sul (2007, 2009), which establishes that the log(t) test is based on a nonlinear 
dynamic factor model that allows the transitional heterogeneity modelling. As we 
can see in Table 1, the null hypothesis is that the countries are fully converged. In 
this sense, whether the value of the t-statistic is greater than −1.65 could be evidence 
of convergence among this group. In our case, the findings for the two entire sam-
ples show that the null hypothesis of panel convergence is rejected at the 5% signifi-
cance level, implying that the US states are not converging to the same steady state. 
Thus, the log(t) regression coefficient is negative and statistically significant for all 
the variables.

Furthermore, the coefficient b̂ allows us to account for the speed of adjust-
ment. In this sense, the sign of the point estimate is negative for all the cases (since 
b̂ = 2𝜎 = 𝜎̂ = b̂∕2 , the values being −0.316/2 and −0.875/2, respectively), implying 
that the speed of convergence for each variable is weak for the US states at the over-
all level. Additionally, these results indicate that the US states are not at the same 
level. The overall sample for a given variable suggests evidence of no conditional/
relative convergence towards the average, as the value of the log(t) parameter is −
13.535 for SFR, and −159.555 for EQI.

Figures  1 and 2 plot the panel relative transition path for the US states for 
SFR and EQI, respectively. These paths describe the pattern of the states in com-
parison to the panel average during the sample period. Following Phillips & Sul 
(2007, 2009), the relative transition path seems to tend to a common point for 
all the states following the presumption of the model. They also refer that the 
relative transition paths of members of each club converge into distinct con-
stants, that is when groups of countries converge to different equilibrium points. 
From a bird’s eye, these paths gave us a chance to track the behaviour of each 
country path relative to the sample average, depending on the variable observed. 

Table 1   Global convergence test 
(log(t) test)

The clubs have been obtained by means of the algorithm suggested 
by Phillips & Sul (2007, 2009) in which the groups are formed by 
US states denoting similar convergence speeds to the panel average. 
The t-stat is the convergence test statistic and is a simple one-sided 
t-test with a critical value of −1.65 (see Phillips & Sul (2007, 2009) 
for further details). SE denotes Standard Error

Variable b̂ coefficient SE t-stat Speed of 
conver-
gence

SFR −0.316 0.023 −13.535 −0.158
EQI −0.875 0.005 −159.555 −0.437
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Figures 1 and 2 also show that the US states display both convergence and diver-
gence at some point. However, the divergence is more accused, consequently, the 
results sustain the panel result, suggesting that all the states are not converging. It 
is worth noting the extremely divergent behaviour, in contrast with the rest of the 
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US states, of California and Massachusetts (see green and orange lines at the bot-
tom of Fig. 2), which could be evidence of a club formation.

Once the log(t) test for full panel/absolute convergence is addressed for each 
variable and the different transition paths plotted and that absolute convergence 
is rejected for all cases, we applied the Phillips & Sul (2007, 2009) club cluster-
ing algorithm to test the existence of different groups of convergence for each 
variable. So, Table 2 shows the application of this algorithm for SFR. Here, we 
can see that the US states can be grouped into two clubs, formed by 45 and 5 US 
states, respectively. Then, we test the possibility of club merging Phillips & Sul 
(2009) and Sichera & Pizzuto (2019) but, unfortunately, no club can be merged 
when using the club convergence merging algorithm. Thus, the number of clubs 
is the same as those obtained at the beginning of our procedure. Furthermore, the 
club clustering algorithm suggests that the null hypothesis of club convergence is 
rejected for club 1 because its t-stat is lower than −1.65 ( −4.364 < −1.65 ), imply-
ing that states in club 1 do not move towards convergence. The contrary occurs 
for club 2, i.e., the club clustering algorithm suggests that the null hypothesis of 
club convergence is accepted for club 2 because its t-stat is higher than −1.65 
( 9.526 > −1.65 ), implying that these five states in club 2 move towards conver-
gence, even although their levels of SFR might differ.

Additionally, attending to the speed of adjustment, the sign of the coefficient 
estimated for club 1 is negative ( −0.129), being a weak convergence or weak 
speed of adjustment (Saba & Ngepah, 2022). Furthermore, Johnson (2020) states 
how to measure the strength of the convergence procedure in each club by attend-
ing to the coefficient obtained in the log(t) test for each club. As mentioned in the 
methodology section, as the coefficient is lower than 0, the US states belonging to 
this club diverge. Attending club 2, the sign of the coefficient is positive (0.983), 
which is evidence of a strong speed of adjustment of SFR. Also, attending to the 
strength of the convergence, we have to look again at the value of the coefficient 

Table 2   Club convergence in SFR

The tests of club merging have as a null hypothesis that Club i and Club j can be considered a joint 
convergence club (Camarero et al., 2013). The test is also distributed as a one-sided t-statistic with a 5% 
critical value of −1.65

Club convergence in SFR

Club No. of states b̂ coefficient SE t-stat States

1 45 −0.129 0.029 −4.363 NV, CO, FL, WY, MT, UT,
GA, AZ, NJ, DC, VA, HI,
ID, ND, OR, MD, MO, MI,
SC, MN, SD, CT, OK,
WI, NY, LA, WA, NH, VT,
WV, IN, TX, IL, NM,
OH, NC, MS, KY, IA, CA,
KS, PA, AR, ME, AK

2 5 0.983 0.103 9.526 MA, AL, NE, TN, RI
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obtained in the log(t) test for the club. In this case, as the coefficient is placed 
between 0 and 2, the SFR of these states would converge in growth rates.

The plot of the transition paths for each club represented in Fig. 3 shows how the 
lines follow different patterns of the process of convergence in RSF for clubs 1 and 
2 relative to the sample average. We can also see that the US states forming these 
clubs would not exhibit convergence over the period studied. More in-depth, Fig. 3 
panel (a) shows the behaviour of the states in Club 1. During this period, their paths 
seem to separate and indicate changes from their initial level. For panel (b), i.e., club 
2, we can highlight that, although the paths also seem to be separated at the begin-
ning of the plot, they follow a process to a similar endpoint. At the bottom of Fig. 3 
the average transition path for each club is revealed. As we can see, clubs 1 and 2 
start from different levels but, over time, diverge sharply. Thus, this Fig. 3 supports 
our findings previously shown in Table 2.

Now, in Table 3, we propose the application of this algorithm for EQI. We can 
see that the US states can be grouped initially into four clubs, formed by 2, 8, 10 and 
30 US states, respectively. We have to highlight the members of club 1, which are 
two of the most representative US states regarding the birth of startups, due to the 
proximity to the best universities around the world: California and Massachusetts. 
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This result is in line with that analyzed by Qian & Zhao (2018), which focuses on 
high-technology entrepreneurship in California and Massachusetts, proposed by the 
seminal paper of Saxenian (1996). Then, we test the possibility of the club merg-
ing algorithm of Phillips & Sul (2009). In this sense, clubs 2 and 3 can be merged 
when using this club convergence merging algorithm (this new club now includes 
18 US states (10+8)) (see Sichera & Pizzuto 2019). Indeed, if we look at the bottom 
of Table 3, we find the new clubs proposed by this methodology. In this regard, the 
club clustering algorithm suggests that the null hypothesis of club convergence is 
accepted for club 1 because its t-stat is higher than −1.65 ( 2.442 > −1.65 ), implying 
that states in club 1 do move towards convergence, even although their levels of EQI 
might differ. Similar results are achieved for clubs 2 and 3.

Additionally, attending to the speed of adjustment, the sign of the coefficient esti-
mated for clubs 1 and 3 is positive (3.374 and 0.140), being evidence of a strong 
speed of adjustment (Saba & Ngepah, 2022). Again, Johnson (2020) suggests 
how to measure the strength of the convergence procedure in each club by attend-
ing to the coefficient obtained in the log(t) test for each club. As mentioned in the 

Table 3   Club convergence in EQI

 The tests of club merging have as a null hypothesis that Club i and Club j can be considered a joint 
convergence club (Camarero et al., 2013). The test is also distributed as a one-sided t-statistic with a 5% 
critical value of −1.65

Club convergence in EQI

Club No. of states b̂ coefficient SE t-stat States

1 2 3.374 1.382 2.442 CA, MA
2 8 0.159 0.046 3.435 WA, TX, UT, VA,

PA, TN, IL, RI
3 10 0.964 0.109 8.852 OR, NH, CO, CT, NC,

MN, GA, NY, AL, NV
4 30 0.140 0.051 2.734 KY, MD, ND, KS, OH,

FL, NJ, IA, IN, OK,
VT, DC, ID, ME, WI,
SD, MO, AZ, MI, SC,
NM, HI, AR, LA, MS,
WY, NE, MT, AK, WV

Club merging algorithm

1 2 3.374 1.382 2.442 CA, MA
2 18 −0.028 0.028 −1.012 WA, TX, UT, VA, PA,

TN, IL, RI, OR,
NH, CO, CT, NC, MN,
GA, NY, AL, NV

3 30 0.140 0.051 2.734 KY, MD, ND, KS, OH,
FL, NJ, IA, IN, OK,
VT, DC, ID, ME, WI,
SD, MO, AZ, MI, SC,
NM, HI, AR, LA, MS,
WY, NE, MT, AK, WV
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methodology section, as the coefficient in club 1 is above 2, the model suggests con-
vergence in levels (that is, absolute convergence). For its part, club 2 shows a nega-
tive coefficient, implying that there exists divergence amongst US states. Finally, 
attending to club 3, the coefficient is placed in the range between 0 and 2, these 
states would converge in growth rates.

In Fig. 4 are plotted the transition paths for each club. As shown, the lines follow 
different curves of the convergence process in EQI for clubs 1, 2 and 3 relatives to 
the sample average. We can see heterogeneity amongst the US states forming these 
clubs in terms of convergence over the period studied. More in-depth, Fig. 4 shows 
the behaviour of the US states in Club 1. During this period, their paths seem to 
separate and indicate changes from their initial level and their paths start at the same 
point and go down following a common trend over time.

Furthermore, we can suggest that the US states forming club 2 start from a dif-
ferent level and get different groupuscules at the end of the sample. For club 3, we 
can highlight that, although the paths also seem to be separated at the beginning of 
the plot, they follow a process to a similar endpoint. Finally, in Fig. 4 the average 
transition path for each club is displayed. As we can see, the three clubs start from 
different levels but, over time, diverge sharply. It is worth noting that, club 1 seems 
to diverge from the mean downwards and move away from the rest and clubs 2 and 
3 run in parallel, but with a slight divergence. Thus, this Fig. 4 supports our findings 
previously shown in Table 3.
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At first glance, attending to a geographical criterion reflected in Fig. 5, the first 
club represents states spread all over the country (orange colour). The second club is 
scattered in the Middle and East of the country (it is defined by yellow colour). For 
its part, Fig. 6 is represented in a geographical way the resulting clubs. As we can 
see, club 1 is formed by California and Massachusetts (remember that Silicon Valley 
and MIT or Harvard are located in these states). The rest of the clubs are indistinctly 
spread around the country. These results are not surprising because are consistent 
with the common understanding of the geography of US entrepreneurship and fur-
thermore, they are in line with those obtained by Andrews et al. (2022).

Recalling the results obtained for the EQI, we found three clubs and, focusing on 
the first club, this is formed by California and Massachusetts. Although not surpris-
ingly, this evidence of the different patterns regarding the quality of entrepreneur-
ship differs by state and more intrinsic, it matches with the most prominent states 
regarding knowledge, innovation and growth of the USA. Thus, as abovementioned, 
the objective now is clear: we try to disentangle the possible spillover effects of the 
preponderance of these states, i.e., California and Massachusetts, to their neigh-
bours. To this end, we apply the Local Moran I to detect the spatial dependency 
of quality entrepreneurship in both states. In this respect, as mentioned previously, 
Plummer (2010) justifies why entrepreneurial activity can be spatially dependent, 
supporting the application of spatial econometric methods on this topic.

Respecting the Local Moran I test, we heed the results obtained from the applica-
tion of the club convergence algorithm on EQI, because it provides more interesting 
insights. Thus, we apply the Local Moran I to that data set in Table 4 to test the exist-
ence of a spatial structure that can be observed in quality clubs (EQI). Therefore, we 
analyse the temporal changes of the spatial patterns and spatial dependence, which 
is also known as the “Hot Spot–Cold Spot” analysis, of quality entrepreneurship. 
We show how statistical results from spatial dependency analysis changed during 

Fig. 5   Geographical distribution 
of convergence clubs: SFR

Fig. 6   Geographical distribution 
of convergence clubs: EQI
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1988–2014 (we have divided the sample into four equal periods that correspond to 
different economic events) in each of the two states. The goal is to evaluate the tem-
poral changes of the spillover effects of quality entrepreneurship across regions.

As can be observed in Table 4, the number of states with entrepreneurship qual-
ity index (EQI) significantly similar to their surroundings is limited. Focusing on 
the two states with the highest entrepreneurship quality (California and Massachu-
setts), the test shows that California does not appear as significant in any subpe-
riod, thereby confirming its status as a high-quality entrepreneurship outlier within 
its geographical region. In the case of Massachusetts, despite not emerging as sig-
nificant in any subperiod, it is close to states that recurrently appear as “Hot spots", 
indicating states with high EQI surrounded by states of high EQI. These results 
seem to suggest that Massachusetts also qualifies as an outlier within its geographi-
cal vicinity, belonging to a different cluster compared to its surroundings. As can 
be observed in Table 4, as the time period used advances, those spillover effects are 
more evident, focusing on the New England region, where Massachusetts is located. 

Table 4   Local Moran I for EQI

Note: Own elaboration from the application of the Local Moran I
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As we can see, in the last period considered, i.e., 2008–2014, Massachusetts is sur-
rounded by different states (in dark colour) that, casually, shape this region, that is, 
Connecticut, Rhode Island, Vermont, and New Hampshire and, in a lighter colour, 
Maine. Consequently, it seems that Massachusetts may be a lighthouse in the New 
England region.

In this sense, according to Leamer (2007), this spatial concentration of entre-
preneurial activity can be attributed to the diminished transaction costs, including 
lower transportation and communication expenses. This phenomenon arises from 
the geographic clustering of individuals, households, and businesses, as explained 
by Leamer (2007). Nonetheless, it exerts a positive influence, thereby substantiating 
the potential existence of spillover effects originating from the state with the highest 
EQI (Massachusetts) towards the rest of the states with lower levels but forming a 
high EQI cluster.

5 � Discussion

This paper aims to examine the time dynamics within entrepreneurial ecosystems, 
following the suggestion of Stam and Van de Ven (2021) and Buratti et al. (2023), 
who emphasize the need to address the entrepreneurial ecosystems topic ‘over a 
longer period of time.’ On the other hand, we follow Cohen (2006), Cavallo et al. 
(2019) and Audretsch and Belitski (2021), who argue for the need to understand 
and delimit the geographical dimensions in which an entrepreneurial ecosystem is 
developed.

Thus, having proposed two key propositions: First, entrepreneurial ecosystems 
among US states evolve over time. Second, the nurturing of entrepreneurial ecosys-
tems in a given US state is facilitated by its geographical spillovers. These proposi-
tions underpin the current analysis and findings. We argue that understanding the 
evolution of entrepreneurial ecosystems over time and space necessitates a longi-
tudinal perspective to map and track these changes from their inception (Cho et al., 
2022), contrasting to those studies that propose a static view of entrepreneurial eco-
systems (see Spigel, (2017) or Acs et al., (2018), among others).

In this regard, one might expect some convergence amongst US states but, one 
can also find reasons to expect that the trends of transition may be very different 
across states (Phillips & Sul, 2009). To this end, we have used a novel data set 
developed by Andrews et  al. (2022), i.e., “The Startup Cartography Project”. For 
this reason, we have applied the club clustering algorithm to “quantity entrepreneur-
ship” represented by SFR, and “quality entrepreneurship”, represented by EQI, and 
our findings suggest the no existence of a global convergence within US states for 
both variables, although we have found two and three clubs, respectively. In cases 
of global convergence, the impact of a global measure, such as federal policy, would 
affect all states collectively. However, in our scenario, this federal policy loses influ-
ence over states or groups, resulting in varied effects, particularly as differences 
between them widen.

Clusters form because entrepreneurial ecosystems are not a single variable 
but should be considered holistically (Theodoraki et al., 2018; Abootorabi et al., 
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2021), taking into account the combination of elements that constitute them. In 
terms of the SFR, we find that the states forming each club do not follow any dis-
cernible pattern. In contrast, for the EQI, it can be observed antagonistic dynamic 
behaviour amongst clusters (see Fig.  4). This divergence may indicate that 
regional differences could persist and even enlarge over time. These findings sug-
gest that limited business capital and structural differences between states might 
influence entrepreneurial ecosystems, affecting both the quantity (SFR) and qual-
ity (EQI) of entrepreneurship. For example, in our case, Massachusetts and Cali-
fornia are two states where important nuclei of innovation, university, knowledge, 
and capital are located, such as Silicon Valley, MIT, or Harvard, among others. 
Therefore, we believe that the formation of new clusters will necessarily require 
the combination of all the factors identified in the literature (Colombelli et  al., 
2019). However, there are examples of isolated entrepreneurial ecosystems that, 
although significant at the local level, do not have a regional reach (Leendertse 
et al., 2022).

This aligns with the findings of Cohen (2006), or Alam and Bhowmick (2023), 
who identified the key actors that transform a community into an entrepreneurial 
ecosystem. In order to grow and evolve entrepreneurial ecosystems, each element 
must be reinforced, assuming that all components are equally important in creat-
ing the necessary environmental conditions to foster entrepreneurship in a specific 
region (Leendertse et al., 2022; Cavallo et al., 2023).

Attending to the spatial analysis, we suggest the existence of spillovers may only 
occur in Massachusetts, which could be a spillover generator among its neighbours 
(Audretsch & Feldman, 1996; Colombelli et al., 2019; Audretsch & Belitski, 2021). 
Nonetheless, a determinant that could exert an influence on the observed outcomes 
is the distance between states and their neighbours. Distance is a crucial factor in 
the generation of agglomeration economies and connections, which are potentially 
essential for the existence of spillovers (Qian & Zhao, 2018). In this regard, the rela-
tively small size of Massachusetts and its neighbouring states results in a reduced 
inter-state distance, a condition not shared by California.

This study provides further insight into the existing literature on knowledge spill-
overs (Audretsch & Feldman, 1996; Cavallo et al., 2019, 2023) and highlights the 
critical role of regional knowledge heterogeneity. In this manner, the sub-national 
entrepreneurial ecosystem valuation may provide a lighter view of the heterogeneity 
of applicable factors within the country, i.e., as Audretsch & Belitski (2017) claim, 
the most appropriate spatial demarcations are the immediate urban or city-region 
context. The process of creating new firms depends upon the availability of better 
resources combined with good institutions. This idea is extended to the expansion 
of young companies and the technological recovery of firms overall. However, the 
necessary factors to intensify an entrepreneurial ecosystem (human capital, talent 
or managerial capacity, among others) are structural and the need for investment, 
resources, and time to mature (Audretsch et  al., 2022; Cavallo et  al., 2023) so, it 
seems that quality flourishes over quantity. Recognizing the potential of entrepre-
neurial ecosystems at the regional level may provide a more precise diagnostic of 
the entrepreneur problem, given that the decision of performing a business and inno-
vating, takes place in a particular location surrounded by determined factors.
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6 � Conclusion

Regional entrepreneurship grouping is a key element because it could influence 
regional economic behaviour. For that, there is a rising interest related to the 
determinants of entrepreneurship and regional convergence amongst academics 
(Andersson & Koster, 2011). At this time, despite entrepreneurship being influ-
enced by national and regional factors, the combination of both factors is missing 
in the literature on the creation of regional entrepreneurial ecosystems. Thus, the 
entrepreneurial ecosystem framework has captured the interest of both scholars 
and policymakers, as it enables policymakers to develop an environment that fos-
ters entrepreneurship and creates opportunities for new ventures (Alam & Bhow-
mick, 2023).

Usually, identifying the distinctions in convergence patterns through states 
is significant to the design and employment of fostering policy as policymak-
ers do not want to undesirably influence the business creation of the respective 
state and governments would have diverse policy instruments that support entre-
preneurship. Public policies and intermediary organizations are to influence and 
shape this environment in such a manner that it generates the desired degree of 
entrepreneurship. These policies would be oriented toward detecting market fail-
ures in order to improve the conditions of resource endowments, the demand for 
these resources, or allocation barriers across actors. Furthermore, modifying the 
regulatory environment could foster the availability of resources and promote 
competitiveness.

Additionally, these policies can be implemented through specific tools such as 
public programs for providing direct support to entrepreneurs. For this reason, it 
is important to make this distinction, i.e., quantity vs. quality entrepreneurship, 
because it cannot be possible to observe a common behaviour when attending 
to quantity entrepreneurial activity and, conversely this common behaviour can 
be appreciated when attending to quality entrepreneurial activity. Consequently, 
our results reveal the importance of not measuring entrepreneurship in terms of 
quantity. Attending to quality, we have identified three strata that exhibit very 
marked differences, which are becoming more pronounced over time. Therefore, 
policies should be aimed at the implementation and consolidation of the vari-
ous facets collected in the literature, highlighting the need for governmental poli-
cies to coordinate with other factors and create synergies with the environment. 
Finally, as Guzman & Stern (2020) indicates, if entrepreneurial quality is asso-
ciated with future economic growth, then quality measures can serve as effec-
tive leading indicators of a region’s economic performance. Policymakers, for 
instance, can employ the quality entrepreneurship index to determine whether a 
particular region is cultivating the kind of entrepreneurship that is likely to pro-
duce significant economic returns.

Future research endeavours may delve into the effect of distance on the occur-
rence of quality entrepreneurship spillovers. It is intriguing to consider an analy-
sis with finer geographical granularity, for instance, dissecting the data by county 
within California, as a macro local entrepreneurial ecosystem. Furthermore, our 
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findings suggest that coordination policies aimed at promoting high-quality entre-
preneurship may not yield effective results if implemented among geographical 
units that, despite their proximity, possess substantial distance between their pri-
mary urban cores.
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