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ABSTRACT 

High-growth firms (HGFs) exist across most regions, yet some UK local authority districts 

(LADs) consistently outperform others in their prevalence. This study investigates why, focusing 

on knowledge spillovers and entrepreneurial ecosystems (EE) as drivers of HGF incidence. 

Replicating and extending Fotopoulos (2023), we analyse longitudinal data from 2009–2021, 

refining methods to address autocorrelation biases from overlapping periods. Our findings 

confirm persistent inter-regional differences in HGFs incidence rates, driven by robust human 

capital, creative industries, and business services, though evidence for knowledge spillovers 

remains weak, meriting further exploration. By offering longitudinal evidence from a high-quality 

EE context, we enrich debates on regional HGF persistence and the EE framework’s utility, 

informing policies aiming to foster productive entrepreneurship. 

This research paper has been published as a peer-reviewed academic paper:  

Du, J., Karoglou, M., Ri, A., Zhang, L. (2025). Knowledge spillovers, entrepreneurial 

ecosystems and the geography of high growth firms redux. Journal of Technology 

Transfer (2025). https://doi.org/10.1007/s10961-025-10210-0 
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1. INTRODUCTION 

High-growth firms (HGFs) have attracted a lot of attention in the last two decades, both from 

academics and policy makers (Coad et al., 2014; Du & Temouri, 2015; Hart et al., 2020; Moreno 

& Coad, 2015; Storey 1994) and for good reasons. HGFs have been shown to contribute both 

disproportionally to job creation (Anyadike-Danes et al., 2015; Henrekson & Johansson, 2010) 

and positive productivity spillovers on other firms (Du & Vanino, 2021), establishing them as 

important contributor and catalyst for regional economic development. Unsurprisingly, such 

findings had influenced policy under the assumption that targeting firms with high-growth 

potential is more effective than providing support indiscriminately to all firms.  

Yet, research has also highlighted the importance of the persistence of HGFs, i.e. how long 

these firms can sustain high performance, given the evident low persistence of such growth at 

the firm level (Moreno & Coad, 2015). That explains the shift of the focus from predicting HGFs 

to understanding how to foster an environment where firms can thrive and achieve high growth.1   

High growth firms are present in almost all regions, yet some regions consistently show a higher 

incidence of HGFs than others (Li et al., 2016; Motoyama & Danley, 2012, Sleuwaegen & 

Ramboer, 2020). Here, by HGFs incidence, we mean the rate of occurrence of HGFs in a region 

over a period of time, and we further discuss the different metrics used in the literature and the 

implications this induces for the analysis. This disparity highlights a key challenge: identifying 

the factors that make some regions more successful in HGFs generation. A deeper 

understanding can inform the design of effective regional policies to foster entrepreneurial 

success. The Entrepreneurial Ecosystem (EE) framework (Leendertse, et al., 2022; Stam, 

2015; Wurth et al., 2021) has become a leading analytical approach in this domain, focusing on 

identifying the conditions that enable productive entrepreneurship – often measured by the 

incidence of HGFs – and ultimately contribute to high-value creation outcomes. 

However, the EE framework is not without its challenges. The ‘broken clock’ critique of Coad 

and Srhoj (2023) highlights a fundamental tension: if EE elements are assumed to be structural 

and slow changing, then a meaningful relationship between the EE and the incidence of HGFs 

at the regional level is only plausible if the regional incidence of HGFs is itself structural and 

persistent over time. Yet, empirical evidence on the regional persistence of HGFs remains 

scarce (Coad and Srhoj, 2023, Coad et al., 2025; Friesenbichler & Hölzl, 2020). Crucially, 

                                                

1 Unsurprisingly, given that the identification of potential HGFs before the high-growth episode is difficult 
and when achieved it can hardly be sustained, Hart et al. (2020) urged for a reorientation of the existing 
policy focus. 
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existing empirical studies linking EEs or other structural regional characteristics to HGFs are 

predominantly cross-sectional, which limits their ability to confirm or refute this perspective.  

Fotopoulos (2023) is a notable departure from the prevailing approach by conducting a 

longitudinal study at regional level (local authority districts, LAD) in the UK aiming to identify 

factors influencing HGFs incidence. His findings suggest that ‘interregional differences in HGF 

rates are persistent (at least in the short-to-medium run explored here) and explained by 

knowledge spillovers related to economic diversity as well as vertical relatedness’ (Fotopoulos, 

2023, p.1878). However, his conclusions rely on a methodological approach which may be 

inherently unsuitable for capturing the complex dynamics of regional HGFs incidence, thereby 

raising concerns about the robustness of the inferences drawn. Our main concern relates to the 

overlapping structure of the time periods used in Fotopoulos’s (2023) study. Because of the 

construction of the HGFs variable2, HGFs counts and incidence rates in overlapping periods are 

built, at least partially, on the same observations, hence imposing structural autocorrelation in 

the dependent variable which may well drive inference if left unaccounted for. This is a known 

in the literature issue and the reason why previous studies examining the persistence of HGFs 

make use of non-overlapping periods (Coad and Srhoj, 2023, Erhardt, 2021; Friesenbichler & 

Hölzl, 2020).  

Given the importance of evidence of persistence in regional HGFs incidence, a key contribution 

of our paper is to offer insights grounded in more rigorous and robust methodological 

approaches. In particular, we adopt a battery of estimation methods to address the several 

issues that the structural autocorrelation imposed by the definition of the HGFs variable gives 

rise to in order to robustly identify the factors that affect regional HGFs generation. Using UK 

data from the ONS Business Demography data that span 2009-2021 and addressing 

methodological issues, we confirm that inter-regional differences were persistent over this 

period with a number of factors explaining this variation. We find strong evidence of the essential 

role of human capital and talent in explaining the success of regions to generate HGFs. We also 

find that regions with high shares of creative industries and business and professional services 

are associated with higher HGFs incidence. In contrast to Fotopoulos (2023), our results on 

knowledge spillovers are, however, less strong and call for additional investigation.  

In effect, we contribute to the literature in three ways. First, we provide new insights about the 

regional determinants of HGFs incidence (Fotopoulos, 2023; Li et al., 2016; Sleuwaegen & 

                                                

2 Although discussed later in greater depth, indicatively, Fotopoulos (2023) uses HGFs incidence rates 
based on OECD-Eurostat definition of HGF where firms employing 10 employees or more at the 
beginning of the period are identified as high-growth if the average annual growth of employment over 
the three-years period is 20% or more.  
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Ramboer, 2020). Second, by answering to the call of Wurth et al., (2002) for longitudinal EE 

studies, we enrich the knowledge base of a new albeit crucial body of research on regional 

persistence of HGFs (Coad and Srjoj, 2023, Coad et al., 2025; Fotopoulos, 2023; Friesenbichler 

and Hölzl, 2020; Van Dijk et al., 2024) by providing evidence from the UK, a country with high 

quality EE. Third, by also answering the call of Bettis et al. (2016) and Davidson (2004), and, 

especially of Wurth et al., (2002) and Van Dijk et al., (2024), we also develop the replication 

studies to improve our ‘statistical research knowledge’ (Bettis et al., 2016, p. 257) in the vital 

area of entrepreneurship and management studies in EE.  

The remainder of the paper is organised as follows. Section 2 overviews the recent debate on 

regional HGFs persistence, EE and the role of knowledge spillovers. Section 3 describes the 

data sources used in our empirical investigation and proceed to the analysis of regional HGFs 

persistence in the UK LAD regions. Section 4 discusses our methodological approach where 

we also explain how it addresses the issues associated with the Fotopoulos (2023) study. 

Section 5 contains our empirical results. Finally, Section 6 summarises and contains our 

concluding remarks. 

2. BACKGROUND 

There are three strands of literature that are directly related to our work. First, it is the literature 

on the regional persistence of HGFs. Then, and building on this literature, it is the 

Entrepreneurial Ecosystem framework and the, directly linked, ‘broken clock’ controversy. 

Finally, it is the literature on knowledge spillovers within a region. This section overviews each 

of these strands in turn providing effectively the theoretical background of our work. 

Regional persistence of HGFs 

At firm level, the research evidence clearly points to the low persistence of HGFs (Daunfeldt & 

Halvarsson, 2015; Hölzl, 2014; Moreno & Coad, 2015).  In other words, firms that are classified 

HGFs at any one period are unlikely to repeat the high growth performance in the subsequent 

periods. The principal reason for this rather stylised fact seems to be the predominant role of 

randomness in determining the growth of any specific firm (Coad et al., 2013). However, 

because from a policy standpoint HGFs create a disproportionate number of jobs at regional 

and/or country level, recent studies call for analysis at aggregated level to get insights into HGFs 

incidence and regional persistence of HGFs shares, and their macro and local determinants 

(Coad & Srhoj, 2023; Friesenbichler & Hölzl, 2020; Hart et al., 2020; Moreno & Coad, 2015).  

Previous studies measure regional HGF incidence (or prevalence) either as the number of 

HGFs in a region relative to the human population (Fotopoulos, 2023; Leendertse et al., 2022), 
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or relative to the pool of potential HGFs, defined as firms with 10+ employees that existed at 

the beginning and were still active at the end of the three-year period (Coad & Srhoj, 2023; 

Coad et al., 2025; Friesenbichler & Hölzl, 2020). Consequently, the regional persistence of 

HGFs can then be viewed as the repeated and consistent incidence of HGFs ‘in a region over 

time’ (van Dijk et al., 2024). However, only a handful of empirical studies analysed explicitly 

HGFs persistence. 

Interestingly, Friesenbichler and Hölzl (2020) contend that regional incidence of HGFs is ‘rather 

unrelated to the persistence of being a HGF at the firm level’ which is why they suggest that it 

may exhibit substantially more persistence than the HGFs themselves at firm level 

(Friesenbichler & Holzl, 2020, p.1586). Indeed, using information for NUTS-3 Austrian regions, 

they find moderate evidence of HGFs persistence over time and show that HGFs incidence is 

higher in regions with higher specialisation of industrial composition (related variety), while 

diversified sectoral composition (unrelated variety) does not play any significant role. 

A small number of recent studies also find some evidence of HGFs persistence over time 

although in different settings. Fotopoulos (2023) finds that inter-regional differences of HGFs 

shares to active population over 2012-2017 in the UK Local Authority Districts (LADs) are 

persistent over time3. Coad et al. (2025) analysing HGFs prevalence in the NUTS-3 and NUTS-

2 EU regions over the period 2008-2020 find a fairly strong regional persistence over time, which 

is not associated however with higher economic development and level of innovation of the 

region. Likewise, Van Dijk et al. (2024), using data from the Netherlands at the NUTS-2 and 

NUTS-3 levels, consistently find that regions with high HGFs incidence in one period are also 

likely to be those with high HGFs incidence in the following period(s), with the strength of the 

relationship weakening when the time lapse between periods increases.  

In contrast, Coad and Srhoj (2023) analysing regional HGFs persistence in Croatia and Slovenia 

at NUTS-3 level, find no evidence of regional HGFs persistence (HGFs are defined using 

employment and turnover definitions) in Croatia, and only weak support for regional persistence 

in Slovenia when using employment HGFs definition, and stronger evidence when using 

turnover HGFs definition. Moreover, they find stronger evidence in support of industry-level 

persistence of HGFs compared to regional persistence and some indication of the influence of 

business cycle on HGFs persistence.  

                                                

3 This evidence is however based on analysis of overlapping periods. 
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Therefore, in sum, there seems to be mixed evidence on the persistence of HGFs at regional 

level requiring further investigation in different contexts. In this paper, we aim to contribute to 

building empirical evidence on this subject.  

HGFs, Entrepreneurial Ecosystem (EE) and ‘broken clock’ controversy 

One reason why analysing regional persistence of HGFs is important, is that it spurred a 

theoretical controversy with important policy implications. Coad and Srhoj (2023) based on the 

empirical investigation of HGFs persistence formulate a ‘broken clock’ critique challenging the 

predominant Entrepreneurial Ecosystem (EE) framework:  

‘We observe there is negligible persistence in HGFs at the regional level. This is incongruous 

with the observation that there is high persistence in the inputs to an entrepreneurial ecosystem. 

The relationship between inputs and outputs is so noisy that we conclude that the 

entrepreneurial ecosystem approach, according to its most recent formulations (i.e. Leendertse 

et al., 2022) is not a useful approach for policymakers with regards to generating the main 

outputs of ecosystems, i.e. HGFs. We therefore formulate a “broken clock” critique of EE in its 

current formulation. A broken clock tells the correct time twice a day, but overall it is not useful 

for telling the time.’  (Coad and Srhoj, 2023, p.17) 

The Entrepreneurial Ecosystem (EE) is a relatively recent framework that quickly became 

popular not least because it marks a ‘transition’ towards ‘entrepreneurial economy’ as opposed 

to ‘managerial economy’ (Wurth et al., 2021) and explicitly emphasises the geographical context 

of entrepreneurial activity (Fritsch, 2024; Malecki, 2018; Sternberg, 2022). The EE has three 

core features: (1) it focuses predominantly on productive forms of entrepreneurship (or else 

ambitious i.e. growth-oriented and innovative forms) rather than on the entrepreneurial activity 

overall; (2) it emphasises the role of ‘place’ and territorially bounded external factors which may 

make an entrepreneur more ‘successful’ by acknowledging that the activity of ‘entrepreneurship 

takes place in a community of interdependent actors’ (Stam, 2015, p. 1761); (3) it allows for a 

plausible feedback loop in which on one hand productive entrepreneurship is considered as an 

output of the system, and on the other hand, the entrepreneur as the principal actor is the input 

‘feeding’ the ecosystem alongside with other structural elements, such as finance and 

infrastructure (Stam, 2015; Wurth et al., 2021; see Fig1).   

The EE literature considers several outputs of EE and their relationships with EE elements 

(Wurth et al., 2021): start-ups (Audretsch & Belitski, 2017), new ventures (Leendertse et al., 

2022), opportunity and necessity-motivated entrepreneurial activity (Bosma & Sternberg, 2014), 

academic spin-offs (Franco-Leal et al., 2020; Prokop, 2021), social entrepreneurship (Harms & 

Groen, 2017). However, it is productive entrepreneurship – viewed as both EE output 
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(entrepreneurial behaviour) and outcome (value creation) (Stam & van de Ven, 2021) – which 

has attracted a lot of attention both from the research community and policy-makers. This is 

also reflected by the fact that HGFs incidence is overwhelmingly the most frequently used proxy 

of productive entrepreneurship (Coad & Srhoj, 2023; Fotopoulos, 2023; Stam & van de Ven, 

2021), along with innovative start-ups (van Dijk et al., 2024), entrepreneurial employees (Bosma 

et al., 2014; Stam, 2013), and unicorns (Leendertse et al., 2022).  

Fig. 1 EE: inputs, outputs and outcomes 

 

 

Source: based on Stam (2015, p. 1765) and Stam & Van de Ven (2021, p.813) 

The EE framework has received a number of critiques: absence of unified definition (Malecki, 

2018), lack of strong theoretical foundations and insufficient differentiation from other research 

traditions, such as industrial clusters and regional innovation systems (Fritsch, 2024; Spigel and 

Harrison, 2017), focus on productive entrepreneurship and high-growth start-ups which leaves 

behind established and less well performing ventures (Fritsch, 2024), the predominantly static 

view of EE what is reflected in the lack of longitudinal studies (Malecki, 2018). While these 

debates are beyond the scope of the current paper whose primary concern is variation in HGFs 

incidence at regional level and its underlying factors, the recent ’broken clock’ critique is at the 

core of our investigation. Coad and Srhoj (2023) pointed out that if the EE inputs (or elements, 
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i.e. resource endowments and institutional arrangements, see Fig.1), are by nature slow 

changing and persistent, they should also lead to persistence of outputs, i.e. regional HGFs 

persistence (Fig.2); but when they examined Slovenia and Croatia, they found that to be untrue. 

Fig. 2 The ‘broken clock’ critique: persistence of EE inputs and outputs 

 

Source: based on Coad and Srhoj (2023, p.4) 

Recent research has sparked valuable debate about the entrepreneurial ecosystem (EE) 

framework, prompting calls for theoretical refinement (Coad et al., 2025; Fritsch, 2024). One 

key issue is the use of HGFs incidence as an EE output. While EE studies often imply that high-

quality EEs consistently produce higher HGFs incidence rates (van Dijk et al., 2024), Coad et 

al. (2025) challenge this by showing that more developed regions—presumed to have higher-

quality EEs—do not exhibit greater HGF incidence or persistence. This suggests that HGFs 

incidence may be a flawed proxy for EE performance, a view reinforced by critiques of the 

Eurostat-OECD HGF definition (Coad et al., 2014; Daunfeldt et al., 2015) and concerns over an 
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al.’s (2025) findings indicate this relationship may not hold universally, possibly due to nonlinear 

dynamics (Leendertse et al., 2022) or unaccounted regional factors. This tension underscores 
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arrangements versus variable resource endowments—and their impact on HGF persistence 

over time. 

HGFs and knowledge spillovers 

The EE research suggests that different EE elements may have varying importance for different 

EE outputs (Wurth et al., 2021). Previous evidence from various research traditions has 

attracted attention to the singular importance of skills, knowledge production, knowledge 
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spillovers and knowledge diffusion (‘Knowledge’, ‘Networks’, and ‘Talents’ elements in EE 

terms) for HGFs prevalence (Araki et al., 2024; Fotopoulos, 2023; Li et al., 2016; Motoyama, 

2014; Sleuwaegen & Ramboer, 2020). Spigel (2020) highlights that co-location and proximity 

benefits for high growth are related to the efficiencies realised through the ‘access to a 

specialised labour pool, the ability to capture knowledge spillovers from knowledge producers 

like universities or major firms, or the opportunity for radical innovation through serendipitous 

contact between diverse actors mediated by localized social network’ (Spigel, 2020, p.32). 

The intersection of EE and knowledge spillover theory of entrepreneurship (KSTE) (Audretsch, 

1995) has become a burgeoning body of research within the field of entrepreneurship. This 

emerging strand of literature specifically focuses on the transmission of knowledge from actors 

within entrepreneurial ecosystems to entrepreneurial venture (Morris et al., 2023). Universities 

and other higher education institutions, and especially leading knowledge-intensive universities, 

are regarded as an essential element of high-quality EE: they produce cutting-edge knowledge, 

‘spill over’ the knowledge via formal and informal networks, play an essential role in skills 

development via training, and also generate academic spin-outs, directly contributing to 

innovative entrepreneurial activity (Spigel, 2017, 2020). The role of agglomeration economies 

for innovation and growth has received an extensive attention from economics and economic 

geography scholars, with the debate focusing on which type of externalities are the most 

conducive to knowledge spillovers and thereby regional growth (Glaeser et al., 1992; 

Henderson et al., 1995). In essence, it was a question whether regional specialisation 

(Marshall’s externalities) or regional diversification (Jacob’s externalities) are the most important 

conduit of knowledge spillovers. Later, following the works of Frenken et al. (2007) and 

Boschma & Iammarino (2009), a more nuanced view of regional diversification has been 

suggested. It has been argued that Jacob’s externalities capture two different effects, i.e. 

knowledge spillover effect and portfolio effect which should be distinguished (Frenken et al., 

2007). Knowledge spillover effect occurs when two sectors are complementary and when the 

cognitive distance (in terms of skills and competences) between them is not too large so that 

effective communication and learning are facilitated (Boschma, 2005), i.e. they should be 

‘related’ to a certain degree. Indeed, it is questionable how much knowledge can spill over from, 

for example, a farmer growing oats to a software development company, even when they are 

geographically close. The concept of ‘related variety’ therefore refers to ‘sectors related in terms 

of shared or complimentary competences’ with ‘some degree of cognitive proximity’ being 

necessary to ‘ensure that effective communication and interactive learning take place, although 

not too extreme, to avoid cognitive lock-in’ (Boschma & Iammarino, 2009, p. 293). Therefore, it 

is not regional diversification per se (when cognitive distance is too important, knowledge does 

not spill over from one industry to another), nor regional specialisation (when cognitive proximity 

is too important, there is less cross-fertilisation), but rather ‘local specialisation in related variety’ 



 

13 

(Boschma & Iammarino, 2009, p. 293) that drives knowledge spillovers, innovation and, 

ultimately growth.  

Portfolio effect, on the contrary, comes from ‘unrelated variety’ covering sectors which do not 

necessarily share competences. The presence of unrelated sectors in the region allows to 

spread risk: when one sector is affected by sector-specific shock in demand, other unrelated 

sectors play a role of stabilisers at the regional level. Regions with high degree of unrelated 

variety have been shown to protect regions from growth in unemployment: redundant workers 

of an affected industry can find new job in unrelated sectors (Frenken et al., 2007).  

In sum, it is expected that knowledge spillovers within the region are to occur predominantly in 

related sectors, and only to a limited extent in unrelated sectors. Additionally, Fotopoulos (2023) 

argues that related variety based on industrial classification may not reflect technological 

relatedness. It is possible that firms can be classified as unrelated while they are vertically 

related. This vertical relatedness can spur inter-sectoral knowledge spillovers leading to organic 

growth or acquisitive growth.    

3. DATA 

A key contribution of our work is the use of UK data enabling us to draw valuable insights into 

the variable construction and estimation methods by directly comparing our approach with that 

Fotopoulos (2023).4  To facilitate this comparison, we adopt the general setup of his work 

including the data collection and variable construction both of which we have endeavoured to 

be as similar as it was possible. Table 1 provides summary statistics for all the variables involved 

and Table 6 in Annex summarises the variable description, data sources, geographic coverage, 

and time period. However, this section goes beyond replication; it details the construction of our 

dependent and independent variables while also illustrating the level of the regional persistence 

of HGFs embedded in our dataset. 

  

                                                

4 The appendix contains a detailed comparison of our inference with that of Fotopoulos (2023) when we 
restrict our sample to be identical to his. We are unable to perfectly recreate the data used in Fotopoulos 
(2023). It is acknowledged that imputation methods were explicitly reported by Fotopoulos (2023) for the 
“Institutions” variable (p. 12). Given the observed discrepancies between our dataset and that utilised in 
Fotopoulos (2023), it remains a possibility—though unconfirmed—that similar data imputation procedures 
may have been employed for other variables without explicit documentation. Readers should thus 
consider this factor when interpreting comparisons across datasets. 
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Table 1 Summary statistics 

Variable name N mean Min max 

HGFs count 3622 33.18 0.00 520.00 

HGFR 3622 0.42 0.00  64.55 

HGFR2 3622 0.05 0.00 0.13 

UNIVERSITIES 3570 0.13 0.00 1.80 

UNI_SPINOFFS 3881 0.09 0.00 2.71 

UNI_PATENTS 3881 1.52 0.00 157.60 

UNI_ENGAGEMENT 3881 0.43 0.00 5.34 

RESEARCH_INCOME 3881 4.61 0.00 264.70 

RVARIETY 3488 1.42 0.56 2.01 

UVARIETY 3596 4.95 3.65 5.38 

THEIL 3488 6.64 4.60 7.17 

VRELATED 3596 66.47 12.95 79.11 

INCUBATORS 3570 0.09 0.00 12.79 

INNOUK_GRANTS 3422 12.74 0.00 19.40 

INNOUK_APPL 3372 0.12 0.00 17.06 

SCIENCE&ENGINEERS 3473 5.35 2.18 30.70 

R&D_PERSONNEL 3050 0.12 0.02 1.15 

BUSINESS_R&D 2856 39.83 1.09 1693.60 

HUMAN_CAPITAL 3619 0.23 0.06 1.23 

ESHIP_CULTURE 3910 13.67 9.10 18.40 

BUSINESS_SERVICES 3775 0.13 0.02 0.56 

CREATIVE 3775 0.03 0.00 0.17 

SMALL_FIRMS 3740 0.97 0.92 1.00 

GVA_GROWTH 3740 0.02 -0.20 0.34 

VCAPITAL_PROJECTS 3910 1.06 0.08 7.67 

VCAPITAL_INVESTMENT 3910 1.09 0.03 15.94 

INSTITUTIONS 4040 0.07 0.03 1.00 

POP_DENSITY 3310 3696.70 135.80 21438.40 

 

Dependent variable 

Our main dependent variable, HGFs incidence rate in the UK LAD regions is measured as the 

number of HGFs per 1,000 working age population (HGFR). The data on the number of HGFs 

in the region (HGFs count) comes from ONS Business Demography data, which ONS produces 

using the OECD-Eurostat definition of HGFs by employment. Specifically, a firm is identified as 

HGF if it has been growing by average annualised growth of at least 20% per year over three 

years, provided that (i) it has at least 10 employees in the beginning of the period (year t-3) and 
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(ii) is still active at the end of the period (year t). In practical terms, this means a firm is identified 

as HGF if its total growth in employment of at least 72.8% from year (t-3) to year (t). In other 

words, the HGFs incidence rates refer to three-year overlapping periods.5 Figure 3 illustrates 

this point.   

Fig. 3 Growth periods studied 

  

Note: the grey blocks indicate the data that Fotopoulos (2023) has examined; blue blocks indicate to the 
additional overlapping data that we include in our work; and the orange blocks indicate the data when 
adopting a 3-year frequency to ensure the presence of non-overlapping observations. 

Source: authors 

Fotopoulos’s (2023) study covers the period from 2012 to 2017 and, although not explicitly 

stated, uses data from six overlapping periods within that timeframe 6: firms registered as HGFs 

over the period 2009-2012, 2010-2013, 2011-2014, 2012-2015, 2013-2016, and 2014-2017. 

We extend our dataset to include the most recent years, increasing the number of overlapping 

periods to ten and to allow for the analysis of four consecutive non-overlapping periods: 2009-

2012, 2012-2015, 2015-2018, 2018-2021.  

                                                

5 In anticipation of our Methodology, this overlapping nature of the HGFs incidence rates is what leads to 
correlation of observations by design which may invalidate inference about the persistence of HGFs 
incidence. 
6 In Fotopoulos (2023), the number of periods used ais not clearly described but can be inferred from the 
total number of observations (2268) and the number of LADs (380).   
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To allow for comparability with the original Fotopoulos (2023) study, we also use 1,000 working-

age population as the denominator in HGFR. However, this definition, while also used in other 

studies (Leendertse et al., 2022), conflates firm-level data with population-level data, mixing two 

distinct dynamics, which is questionable. Other studies use an alternative HGF incidence metric 

by reporting the number of HGFs in the region relative to the number of firms satisfying criteria 

(i) and (ii) in the OECD HGF definition above—that is, by comparing HGF counts to the total 

pool of firms that potentially qualify as HGFs (Coad & Srhoj, 2023; Coad et al., 2025; 

Friesenbichler & Hölzl, 2020). This latter definition has the advantage of comparing like with like 

and ideally should be used in studies on regional HGF incidence. Therefore, we use the share 

of HGFs relative to the number of firms with 10+ employees existing in (t-3) and still surviving 

in (t) (HGFR2) as an alternative measure for the correlation analysis of regional HGF 

persistence.  

Regional persistence of HGFs in the UK 

Table 2 shows the Pearson and Spearman’s rank correlation coefficients between LAD-level 

HGFs indicators (the count of HGFs based on employment criterion, the share of HGFs per 

1,000 working age population (HGFR) and the share of HGFs per active firm with 10 or more 

employees (HGFR2)) for three pairs of consecutive non-overlapping periods. In all cases, we 

find consistently a positive highly significant relationship between HGFs incidence in one period 

and the period that follows. However, correlation coefficients are considerably higher for HGFs 

counts and HGFR compared to HGFR2. Moreover, Table 4 in Annex shows that the relationship 

remains highly positive and significant, although weakening over the time for HGFs as a share 

of LAD’s firms’ with 10 or more employees active at the end of the growth period (HGFR2), 

which means that regions with high incidence of HGFs in 2009 – 2012 are also likely to have 

high HGFs incidence rate in all the subsequent periods, even few years later. However, the 

rolling-average construction of the HGF incidence rates might explain this finding. We note that 

the correlation coefficients are considerably higher in overlapping periods for HGFR2 compared 

to non-overlapping periods. For example, the correlation of HGFR2 in the overlapping periods 

2009-2012 and 2010-2013 is 0.668, while it drops to 0.404 for the consecutive non-overlapping 

periods 2009-2012 and 2012-2015. Intuitively, the higher correlation in overlapping periods 

compared to non-overlapping periods can be explained by the following analogy: consider a die 

that has been rolled four times. Each roll is random, but the sum of the first three rolls (rolls 

number 1, 2, and 3) is highly correlated with the sum of the last three rolls (rolls number 2, 3, 



 

17 

and 4) due to the overlap (rolls 2 and 3 are included in both sums)7. The relationship is much 

more stable when HGFs incidence is measured as the number of HGFs per 1,000 working age 

inhabitants (Fotopoulos, 2023; Van Dijk et al., 2024), showing high correlation coefficients in 

both overlapping and non-overlapping periods (Table 5 in Annex). However, as discussed 

previously, this metric, by introducing another variable in the denominator, conflates two 

different dynamics: the evolution of HGF count and the evolution of population in the region.        

Table 2 HGFs ratios correlations in consecutive periods  

  

HGFs count  HGFR 
HGFs per 1,000 working 

age pop. 

HGFR2 
HGFs per active firm with 

10+ employees 

  

Pearson 
correlation 
[p-value] 

Spearman 
correlation 
[p-value] 

Pearson 
correlation 
[p-value] 

Spearman 
correlation 
[p-value] 

Pearson 
correlation 
[p-value] 

Spearman 
correlation 
[p-value] 

Periods:  (1) (2) (3) (4) (5) (6) 

2009-2012 & 
2012-2015 

0.960 
[0.000] 

0.886 
[0.000] 

0.999 
[0.000] 

0.661 
[0.000] 

0.404 
[0.000] 0.361[0.000] 

2012-2015 & 
2015-2018 

0.956 
[0.000] 

0.868 
[0.000] 

0.999 
[0.000] 

0.637 
[0.000] 

0.311 
[0.000] 0.246[0.000] 

2015-2018 & 
2018-2021 

0.967 
[0.000] 

0.852 
[0.000] 

0.999 
[0.000] 

0.608 
[0.000] 

0.352 
[0.000] 0.301[0.000] 

Note: p-values reported in the brackets 

Fotopoulos (2023) stresses that “the between-region variation amounts to almost 98.3% of the 

total variation in HGFR” (Fotopoulos (2023), p. 1891), with between-years variation accounting 

for less than 1% of the total variation. Hence, he concludes that “the interregional differences in 

HGFR are time persistent over the 2012-2017 period” (Fotopoulos (2023), p. 1892). As 

mentioned before, this estimation was carried out on a sample with overlapping periods. When 

considering non-overlapping periods, we estimate that the between-region variation accounts 

for 95.9% of the total variation, a smaller but still very large share of HGFR variation. The 

between-periods (within-region) variation is estimated to account for 2.9%, and residual 

variation for 1.1% of the total variation. 

In sum, we find evidence in support of regional persistence of HGFs incidence in the UK local 

authorities. This is also illustrated in Figures 4 and 5 which plot the incidence of HGFs measured 

as share to working age inhabitant (Fig.4) or to active firms with 10+ employees (Fig.5) in one 

period depending on the share in the previous period. If we take our results at face value, Van 

Dijk et al.’s (2024) view—that established EEs in larger or more developed regions support 

persistent HGF geographies—may explain why UK LADs show such patterns, and why Coad 

                                                

7 We thank the anonymous reviewer for suggesting this analogy. For a formal demonstration of why the 
overlapping data structure introduces bias into the analysis of regional HGF persistence, see Coad & 
Srhoj (2023, pp. 18-19).   
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and Srhoj (2023) found insufficient human capital for HGF emergence in Croatia and Slovenia’s 

smaller, less developed EEs. However, Coad et al. (2025) challenge this, showing higher HGF 

persistence in less developed EU regions, suggesting regional development alone doesn’t 

dictate outcomes. Alternative explanations, such as business cycle fluctuations or variations in 

industry composition, could also drive these differences, warranting further investigation. 

Fig. 4 Persistence of HGFs incidence rates (per 1,000 working age population) in 

consecutive non-overlapping periods 

 

 

 

 

 

 

 
Note: for comparability across different periods, the rates were standardized so that each period mean 
= 0 and std deviation =1.  London LADs, as outliers, were excluded from this graph to keep the scale 
(inclusion of London LAD’s does not change the overall relationship though).  
Source: authors 

Fig. 5 Persistence of HGFs incidence rates (per active 10+ employee firm) in 

consecutive non-overlapping periods 

 

 

 

 

 

 

 

Note: for comparability across different periods, the rates were standardized so that each period mean 
= 0 and std deviation =1.  London LADs, as obvious outliers, were excluded from this graph. 
Source: authors 
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Independent variables 

Fotopoulos (2023) provides a comprehensive rationale for the selection of independent 

variables, based both on EE and KSTE literature and we refer the interested reader for more 

details. We are able to collect almost all the variables used in his study. However, we should 

point out that there have been several cases for which we could not construct the variables 

exactly as Fotopoulos (2023) did because it was either unclear in the paper or we could not 

access such data from the respective data sources.8 In those cases, we had to resort to the 

best alternative that we could construct. Specifically, the UNI_PATENTS variable is defined as 

patent count weighted by regional GDP (bn £) to account for the size of the region instead of 

patent portfolio per academic staff member. For UNI_ENGAGEMENT and UNI_SPINOFFS 

variables, to handle zero values we used logarithm of (observed values plus 1) the number of 

research contracts with SMEs and the number of HE Institutions spinoffs. The same holds true 

for INNOUK_GRANTS. For the variables INCUBATOR9 and UNIVERSITIES, the underlying 

data is location-based without time variation, therefore, instead of pure counts, we also weight 

the series by regional size (GDP, bn £).   

4. METHODOLOGY 

The use of overlapping observations in the construction of our dependent variable, the HGFs 

incidence rate, imposes structural autocorrelation which may well bias any inference about the 

significance of the factors that determine it.  This is a well-known issue in the time-series 

literature where it was initially examined following the adoption of some rolling-average 

mechanism for the construction of variables or statistics. Consequently, a core aspect of our 

work is to ensure that we draw robust inference in the presence of such challenges. Given that 

we are also interested to ensure consistency with the Fotopoulos (2023) work, we proceed in 

two steps. First, we aim to replicate and update the Fotopoulos (2023) study by adopting the 

same setup. Then, in the second step, we extend the analysis and adopt an incremental 

approach by first identifying several possible sources of inference bias that the rolling average 

definition of HGFs and Fotopoulos (2023) setup may induce and then examining how inference 

                                                

8 We have tried to contact the author for the necessary clarifications, but we could not get any response. 
The lack of descriptive statistics in Fotopoulos (2023) was a key limiting factor for any differences that 
our paper might have from his. Moreover, the data officially published by ONS and other institutions is 
subject to updates to correct errors. We have collected our data through the summer 2024, and although 
we do not have direct indications, we cannot exclude the possibility that some of the data series have 
been updated.  
9 The data source on number of incubators provides cross-sectional time invariant data series for 2016, 
which, to the best of our knowledge, has not been updated since.  
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is affected by accounting for each of them. The remainder of this section first presents the main 

model and then elaborates on these two steps of our work. 

The main model 

Following Fotopoulos (2023), our main model is given by a special case of the random effects 

model that Mundlak (1978) originally proposed, and Bell and Jones (2014) and Bartels (2009) 

extended: 

𝑦𝑟𝑡 = 𝛽0 + 𝛽1(𝑥𝑟𝑡 − 𝑥𝑟̅̅ ̅) + 𝛽2𝑥𝑟̅̅ ̅ + 𝛽3𝑧𝑟 + (𝑢𝑟 − 𝜀𝑟𝑡) 

where our left hand-side variable is the number of HGF per 1,000 working age population in 

region (r) and at time (t). The right hand-side covariates are partitioned into those that capture 

the effects of the between (𝑥𝑟𝑡 − 𝑥𝑟̅̅ ̅) and within variation (𝑥𝑟̅̅ ̅), and those that capture time 

invariant effects. To ensure consistency with Fotopoulos (2023), we have kept the same six 

model variants which he selected on the grounds that partial correlations of the explanatory 

variables is conservatively kept well below multicollinearity alarming levels. 

Replication and updated study 

To make our subsequent extension results comparable with Fotopoulos (2023) study, we first 

replicate and update the original study. To do so, we endeavoured to collect all necessary data 

from ONS and various other sources and used the definitions provided in the paper to construct 

HGF incidence and EE variables. As aforementioned, despite our best efforts to have as a 

starting point the dataset identical to the one used in Fotopoulos (2023) study 10 , some 

discrepancies may remain. Then we have updated the dataset to the most recent periods in 

order to increase the sample size which becomes essential for our ensuing analysis.  

Consequently, there are three main results of the model variants that we need to compare, 

namely (i) those reported by Fotopoulos (2023) (ii) those that we could replicate with the data 

we have collected from the same data sources that span the same sample period (2012-2017, 

and (iii) those by expanding the data sample to the most recent years (2012-2021, see Figure 

3). A comparison of (i) and (ii) would reveal discrepancies that should be attributed primarily to 

different variable construction methods and updates in the data series while a comparison of (ii) 

and (iii) would indicate the effect that the additional observations would have on the inference. 

The latter (iii) is then used later for determining the effect of the additional sources of bias that 

                                                

10 Unfortunately, we could not get the author’s input for this step. Without detailed summary statistics and 
variables description tables in the original study to compare with, we cannot guarantee that that our initial 
dataset is identical to the one used by Fotopoulos (2023).   
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could be attributed to purely methodological choices. In anticipation of our results, there are 

some discrepancies between (i) and (ii) but (ii) and (iii) are almost identical suggesting that 

variable construction may play a role in drawing inference but updating the sample to the most 

recent observations does not.  

Accounting for possible sources of inference distortions 

As discussed above, the OECD HGF definition has a rolling nature, with a firm being registered 

as HGF at the end of three years period. Using overlapping periods (as in original, reproduced 

and updated discussed above) may lead to important estimation biases. Additionally, in 

Fotopoulos (2023), all EE variables were lagged by one or two years relative to time t (at the 

end of the three-year period), meaning that they can be at best considered as contemporaneous 

to the growth period rather than creating ex ante conditions for growth. For example, the 2012 

HGFs incidence rates refer to firms growing over the period 2009-2012. Consequently, a 1- or 

2-year lag cannot reflect the initial conditions where firms started to grow (continuing with the 

same example, the 2012 HGFs incidence rate would be linked to values of explanatory variables 

from 2011 or 2010, literally in between the 2009-2012 period). The second part of our work 

seeks to address the possible impact on inference that these assumptions may have. We 

contrast the results we have obtained from the Updated sample with those obtained when (i) 

we use a non-overlapping HGF incidence panel; (ii) we also account for possible simultaneity 

of the explanatory variables; (iii) we adopt an estimator that explicitly accounts for the presence 

of overlapping observations.  

Specifically, in (i), we change the sampling frequency of our observations to three years, i.e. 

2012 (growth period 2009-2012), 2015 (growth period 2012-2015), 2018 (growth period 2015-

2018), 2021 (growth period 2018-2021, see Figure 3). In this way, we ensure that HGFR do not 

overlap with their previous values. As a result, the panel reduces in size – which explains why 

updating the sample to the most recent periods is important for inference – but it no longer 

suffers from the rolling average structure that the definition imposes. Hereafter, we call this 

sample Non-Overlapping (N-O). 

In (ii), in addition to non-overlapping structure of the growth periods, we also ensure that 

explanatory variables are lagged accordingly so that they are not measuring contemporaneous 

effects: i.e. all explanatory variables are lagged by four years relative to time t. For example, for 

the HGFR observations 2012 (growth period 2009-2012), the corresponding EE variables will 

go back to 2008, i.e. prior the beginning of the growth period. Hereafter, we call this sample 

Non-Overlapping-with-Lag (N-O-L). 
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Finally, in (iii), we adapt the estimator of Britten-Jones et al (2011), that explicitly addresses the 

presence of overlapping observations, by transforming the time-varying variables of each panel 

in such a way so that the part of the autocorrelation in the error terms which is induced by the 

overlapping scheme is removed. We call this approach Britten-Jones (B-J) going forward. The 

method can also be modified to account for an unknown autocorrelation structure. 

5. EMPIRICAL RESULTS 

To facilitate comparisons and determine the effect of using different samples and/or methods, 

we present results in the same way as Fotopoulos (2023). Specifically, the first part is about the 

results of the ‘within-between’ random effect estimations (models (1) to (6)); the second part is 

about the results of the ‘within-between’ random effect estimations when focusing on the 

University related variables (models (7) to (10); and the third part is about the results of models 

(11) to (16) introducing R&D finance, and institutions variables (the multilevel analysis is used 

here to allow for the modelling of unobserved heterogeneity as well as to account for the 

possibility that the observations within each of the spatial levels considered are not 

independent). The full comparison tables are presented in Annex, Table 3 summarises the main 

findings across all models (1) to (16) and all approaches in a schematic way. 

Replication study 

Before focusing on the main results which seek to address potential biases, we first briefly 

discuss original, reproduced and updated estimations (Annex Tables 7, 8, and 9), which use 

the same methodology as in Fotopoulos (2023). Fotopoulos (2023) selected the different model 

permutations based on the grounds that partial correlations of the explanatory variables are 

conservatively kept well below multicollinearity alarming levels; but in our case we simply 

adopted his model specification - effectively making our tables directly comparable to his11. As 

in Fotopoulos (2023), along with estimation coefficients, we report continuous p-values and the 

Bayes factor which allows to judge the strength of evidence12. 

Overall, the differences observed between the original and the reproduced samples indicate 

that we were only partially successful in inferring the variable construction from what Fotopoulos 

(2023) presents in his paper. For instance, when looking at Table 7, reproduced and updated 

results are close to what Fotopoulos (2023) reports although there are some discrepancies. 

                                                

11 Tables 2, 4 and 6 in the original study. 
12 Typically, the Bayes Factor equal or higher than 100 means decisive evidence for H1, between 10 to 
30 – very strong evidence for H1, 3 to 10 – substantial evidence, 1 to 3 – anecdotal evidence, and equal 
to 1 – no evidence.   
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Across all samples, cross-sectional variations in human capital (HUMAN_CAPITAL_BW), 

business and professional shares (BUSINESS_SERVICES_BW), relative importance of 

creative industries (CREATIVE_BW), growth rate of gross value-added (GVA_GROWTH_BW), 

Innovate UK applications (INNOUK_APPL_BW), and vertical relatedness 

(VERTICALLY_RELATED_BW) were consistently positive and statistically significant.  

Original, reproduced and updated estimations show ‘decisive’ or ‘strong’ evidence of positive 

and significant influence of ‘between’ variation of human capital (HUMAN_CAPITAL_BW) and 

professional and business services shares (BUSINESS_SERVICES_BW) on HGF incidence. 

The evidence for creative industries employment share (CREATIVE_BW) and Innovate UK 

applications (INNOUK_APPL_BW) was ‘moderate’ (substantial) in original study, but ‘decisive’ 

in reproduced and updated samples. In contrast, the decisive evidence for positive influence of 

unrelated variety (UNRELATED_VARITY_BW) and entrepreneurship culture 

(ESHIP_CULTURE_BW) in original sample, was not confirmed, in reproduced and updated 

samples. Interestingly, INCUBATORS, which Fotopoulos (2023) found to have the largest effect 

size on HGFR, are insignificant in our estimations13.  

Furthermore, the differences between the reproduced and updated samples show that there is 

indeed an impact of using a larger dataset. Interestingly, however, the original and updated 

samples are much more similar to one another suggesting that basing our inference on the 

updated sample would make it directly comparable to that of Fotopoulos (2023).  

Given that we cannot be sufficiently certain of replicating Fotopoulos's (2023) results identically, 

in what follows we use our updated sample estimations as a reference to compare with our 

alternative approaches and judge about the influence of potential biases on inference.   

Addressing biases  

Table 10 in Annex presents the results focusing on influence of knowledge spillovers and main 

EE variables14 by allowing the comparison of Fotopoulos (2023) approach using our Updated 

(U) sample with alternative approaches we propose to address potential biases discussed 

above: Non-Overlapping (N-O), Non-Overlapping-with-Lag (N-O-L) and Britten-Jones (B-J) 

estimations. Overall, we do not find major differences in results between original Fotopoulos 

                                                

13 It must be emphasized, however, that we cannot definitively confirm that our INCUBATORS variable is 
identical to that used in Fotopoulos (2023). This is due to insufficient detailed information regarding its 
construction and the methodology employed to address the time-invariant nature of the underlying data.  
14 equivalent to Table 2 in original study 
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(2023) approach applied to the updated sample and our alternative methods, with a few 

nuances, however.  

First, similarly to the original study, we find that the odds against the null hypothesis were higher 

for ‘between’ coefficients compared to ‘within’. Regional differences in human capital 

(HUMAN_CAPITAL_BW), research grants applications (INNOUK_APLL_BW), importance of 

business and professional services (BUSINESS_SERVICES_BW) and of creative industries 

(CREATIVE_BW) in regional employment composition are consistently influential in variations 

of HGFs incidence rates across all approaches, with very high Bayes factors signifying ‘decisive’ 

evidence. Time variation of these variables, however, was not significant across all approaches, 

with the exception of HUMAN_CAPITAL_WI which was negative and significant for the updated 

sample and marginally significant for the N-O sample. 

Second, we do not see dramatic changes in estimates when the overlapping issue is addressed 

(comparing U and N-O). In contrast, when addressing the simultaneity issue (comparing N-O 

and N-O-L), there are some important changes. Thus, the effect of research income generated 

by universities at LAD level (RESEARCH_INCOME_BW) was positive and highly significant 

(‘decisive’ evidence) in U and N-O results but it becomes non-significant in N-O-L regressions. 

It was also the case for the B-J estimation results. Interestingly, knowledge spillovers variables 

(THEIL_BW, VERTICALLY_RELATED_BW), non-significant or only marginally significant in N-

O results, become significant when lagged properly. Related variety, which we expected to exert 

positive influence on HGF incidence based on the literature, and which came up as negative in 

U and N-O regressions, comes out as insignificant when simultaneity issue is addressed (N-O-

L) and in B-J estimation. 

Finally, B-J estimates are very close to N-O-L findings increasing the robustness of the findings 

and validating both ways to address overlapping issue.  

Moving to the models focusing on the role of universities in the ecosystem to support HGF, 

Table 11 in Annex, in the same way as previously compares U, N-O, N-O-L and B-J estimates. 

Regarding the main variables of interest here, the evidence is mixed. Only university 

engagement with SMEs (UNI_ENGAGEMENT_BW) is consistently positively and significantly 

associated with HGF incidence, with the exception of B-J estimation where the coefficient is not 

significant. Regional variation in universities’ entrepreneurial activity reflected in the number of 

university spinoffs (UNI_SPINOFFS_BW) is positive but only marginally significant in N-O-L 

sample. Contrary of original Fotopoulos (2023) findings, we do not find that other university-

related measures are significant (UNIVERSITIES, UNI_PATENTS). Regarding other variables, 

as in the first set of results, human capital differences across regions (HUMAN_CAPITAL_BW) 

are consistently positive and significant across all approaches and models, but the results for 
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vertical relatedness (VERTICALLY_RELATED_BW) and entrepreneurial culture 

(ESHIP_CULTURE_BW) are positive and significant only for B-J approach.  

Finally, Table 12 in Annex shows the multilevel analysis results across four approaches focusing 

on knowledge creation (R&D), finance and institutional elements of EE. The results for regional 

differences in formal institutions (INSTITUTIONS_BW) are not significant in all but one approach 

– unexpectedly B-J estimate is negative and significant. The share of scientists and engineers 

in the workforce (SCIENTISTS&ENGENEERS_BW) is positively and significantly associated 

with HGFs incidence, across all approaches, except for B-J, with the coefficient and the 

evidence being the strongest when both overlapping and simultaneity issues are addressed. It 

is also the case for the share of R&D related personnel. Similarly to original study, Business 

R&D investment was found to be not significant in all approaches except for B-J where it was 

negative and significant. The regional differences in finance element of EE reflected in the 

number of venture capital projects (VCAPITAL_PROJECTS_BW) and the amount invested 

(VCAPITAL_INVESTMENT_BW) appear to be positively and significantly related to HGF 

incidence rates, again in all but B-J estimations where the coefficients are negative and 

significant. 

In sum, we can highlight the following main findings schematically presented in Table 3 by 

comparing findings resulting from different approaches across all models: (i) as in Fotopoulos 

(2023), the evidence is more supportive of the role of  between transformation of selected 

variables in explaining HGF incidence differences across UK LAD regions; (ii) the evidence is 

decisive for the following variables: human capital, share of business services an creative 

services, and InnovateUK applications; (iii) although the positive influence of overall 

diversification and unrelated variety is supported in our alternative approaches, the evidence is 

much less strong than in Fotopoulos (2023) study judging by Bayes factor; (iv) the key finding 

of  Fotopoulos (2023) regarding the strong and positive influence of vertical relatedness cannot 

be confirmed as the evidence is mixed across different models; (v) Fotopoulos (2023) findings 

regarding the role of universities is confirmed only for a subset of variables (research income 

and universities engagement with SMEs) when overlapping issue is addressed. 
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Table 3 Summary of findings. The effect of EE inputs and knowledge spillovers on HGFs 

incidence (HGFR). “Within-between” random effects estimations across different 

samples and approaches.   

 

 

 

 

 

 

 

 

 

 

Note: +*** indicates positive and significant relationship at 1% (at least, across all models), +** positive 
and significant at 5% (at least, across all models), +* positive and significant at 10% (at least, across all 
models); -*** negative and significant at 1% (at least, across all models), -** negative and significant at 
5% (at least, across all models), -* negative and significant at 10% (at least, across all models); ‘mixed’ 
indicates that evidence is mixed across different models (sign and significance), ‘ns’ indicates that 
relationship is not significant (at least in one of the models).   
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6. DISCUSSION 

This paper examines the incidence of high-growth firms (HGFs) across UK local authority 

districts (LADs) and explores the role of knowledge spillovers and other entrepreneurial 

ecosystem (EE) elements in explaining regional variations in HGF prevalence. Building on 

Fotopoulos (2023), we address key methodological challenges associated with the rolling 

nature of HGF definitions, which can introduce bias in estimating regional persistence. This 

issue is central to understanding the long-term dynamics of high-growth firms and has 

important implications for regional policy.  

Regional HGF persistence  

Even after addressing overlapping growth periods, we find evidence of regional HGF 

persistence at the LAD level in the UK, suggesting some local authorities consistently 

outperform others in generating HGFs, in contrast to the low persistence observed at the 

firm level. This aligns broadly with prior studies of regional HGF persistence in developed 

contexts (Coad et al., 2025; Friesenbichler & Hölzl, 2020; Van Dijk et al., 2024), though 

Coad et al. (2025) note higher persistence in less developed regions—a pattern not evident 

in our data, where developed LADs like London predominate. Our findings diverge from 

those in smaller emerging economies (Coad & Srhoj, 2024). Three key observations 

emerge from our analysis.  

First, defining the appropriate spatial scale for regional HGF analysis is important. It 

remains unclear what would be the most appropriate geographical level to examine 

regional HGFs incidence. This relates to the discussion on the ‘geographic reach’ of EE 

and the challenges to identify spatial boundaries of EE (Fischer et al., 2022). The view that 

EE has administrative boundaries and that ‘a region can be a county, a city, a state, a 

group of any type (e.g., a metropolitan area or a megaregion) or any definable geographic 

area that has a function of facilitating entrepreneurial activity (Qian et al., 2013, p. 562) 

may be overly simplistic, ignoring the relational complexity of the linkages between firms 

and other EE actors. Empirically, so far, to analyse HGFs at regional level, the majority of 

the studies used NUTS-2 or NUTS-3 regions, the level for which the data encompassing 

EE characteristics is more easily available. What level of granularity is right though? Coad 

& Srhoj (2024) argue that, in case of small countries like Slovenia and Croatia, NUTS2 

regions do not capture heterogeneity of the geographic areas (there are only 2 NUTS2 

regions in Slovenia and 4 regions in Croatia), and more granular NUTS-3 regions reflecting 

administrative units with separate budgets would be more appropriate. Van Dijk et al. 

(2024) suggest that the NUTS-3 level may be too fine-grained to detect HGFs persistence, 
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particularly in sparsely populated regions, implying that larger or more developed regions 

should exhibit greater persistence (Van Dijk et al., 2024, p. 22). In contrast, Coad et al. 

(2025) find consistent HGFs persistence patterns across both NUTS-3 and NUTS-2 levels 

in EU regions, with less developed regions often showing higher incidence and persistence. 

Our analysis at the UK LAD level—akin to NUTS-3—reveals persistent HGFs patterns, 

suggesting that fine-grained scales can still capture persistence, though the link to regional 

development may vary by context. The advantage of this granular scale is that it captures 

differences in local governance of the regions. At the same time, arguably some EE 

elements may transcend local authorities’ borders, with extra-local authorities’ knowledge 

linkages in sharing being potentially not adequately captured by LAD measures. This may 

be potentially a reason why the results for knowledge spillovers in our estimations are not 

consistently stable across all specifications. Future studies should identify the optimal 

geographical level of analysis of regional HGFs persistence and EE characteristics.   

Second, there may still be limitations in assessing persistence. While we have extended 

the time period of our analysis to 2009-2021, it covers only 4 non-overlapping periods. This 

may not be sufficient to draw any deterministic conclusions regarding persistency. Ideally, 

it would be valuable to track HGFs incidence over longer periods of time to better 

understand the dynamic: how slow is a slow change? As it has already been mentioned 

above, this also concerns the inputs of EE, with some elements of EE being more prone to 

high inertia compared to other more dynamic elements.  

Finally, the choice of HGF incidence metrics matters. While our correlation results show 

positive and significant correlation of HGF incidence rates between subsequent periods, 

the strength of the correlation depends on how HGF incidence is measured. The correlation 

coefficients are much higher for HGFs count and HGFs to 1,000 working age population 

(measure used in Fotopoulos, 2023) compared to HGFs to active 10+ employees firms. 

The first rate depends on the population demographics of the region (i.e. supply of labour 

force), including its age structure, while the second is influenced by firm demographics, 

fluctuating with firms’ entries and exits. Recent research on business dynamism 

demonstrates a relationship between population growth and firm demographics: declining 

population growth typically results in decreased firm entry and a shift in firm distribution 

towards older firms (Hopenhayn et al, 2022). However, these processes are complex and 

evolving over time. Therefore, the choice of the measure of HGF incidence is not without 

consequence and should be examined more in depth.  
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Knowledge spillovers, Entrepreneurial Ecosystems and HGFs incidence 

In contrast with Fotopoulos (2023) original study, our findings on the influence of knowledge 

spillovers on HGFs incidence are less strong, depend on model specification, and hence 

call for caution in interpretation. While, overall, we do find that overall diversification 

measured by Theil index is positive, the evidence is strong only when both overlapping and 

simultaneity issues are addressed. Contrary to theoretical predictions (Boschma & 

Iammarino, 2009; Frenken et al., 2007), the results of our preferred models (N-O-L and B-

J) do not show significant results for related variety. We also find mixed evidence for vertical 

relatedness, the sign and the strength of relationship depending on model specification. As 

mentioned previously, it may be due to the fact that LADs level is inappropriate spatial 

scale to capture industrial structure in the UK. Additionally, the knowledge spillovers 

variables were constructed using employment data, and hence capture knowledge 

embedded in people, as opposed to patented knowledge. Alternative measures using 

patent data may lead to more conclusive results. Therefore, our results do not allow us to 

completely endorse Fotopoulos’ (2023) ‘guidance on what policies should and shouldn’t do 

when trying to increase local HGF rates. They should, for example, not try to encourage 

regional specialization.’ (Fotopoulos, 2023, p. 1904).  

Interestingly, our evidence for the positive role of InnovateUK grants applications is much 

more decisive than in Fotopoulos (2023). It is the number of applications rather than the 

amount of grants awarded which seem to play the role in our estimations, meaning that the 

effect is essentially due to the pool of innovators in the region and the signalling effect of 

InnovateUK grants. This is also confirmed by the strong positive influence of R&D 

personnel on HGF incidence.   

Among other EE elements, the most robust evidence is for the role of human capital in 

explaining regional variations of HGF incidence rates which is also in line with the original 

study. The policy implication of this finding is that if regions were to choose what investment 

to prioritise it should be education and human capital. The strong evidence highlights the 

importance of business and professional services sector and of creative industries sector 

for HGFs incidence. It has been argued that creative industries and creative class 

contribute to culture of ideas, knowledge spillovers and flourishing entrepreneurial culture 

and activity, and have been empirically shown to attract productive entrepreneurship 

(Audretsch & Belitski, 2021). This speaks in favour of investments in social and cultural 

infrastructure to attract creative class to the regions.  

Interestingly, contrary to Fotopoulos (2023), in most of our estimations we find negative 

and significant effect of population density on HGFs incidence. This, at first glance 
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surprising finding, may indicate that it is not urbanisation per se that spurs high growth but 

rather agglomeration of qualified labour and support services. This is in line with previous 

findings by Frenken et al. (2007).      

7. CONCLUSION 

This study confirms that UK LADs exhibit persistent HGF incidence from 2009–2021, driven 

by human capital, creative industries, and business services, though knowledge spillovers 

play a less pronounced role than expected. By refining Fotopoulos’s (2023) methods with 

non-overlapping periods, we offer robust evidence of regional HGF persistence, 

contrasting with firm-level volatility and aligning broadly with developed-context studies 

(Coad et al., 2025; Friesenbichler & Hölzl, 2020; Van Dijk et al., 2024). Unlike smaller 

emerging economies (Coad & Srhoj, 2023), the UK’s established EE sustains HGFs 

geographies, though Coad et al.’s (2025) finding of persistence in less developed regions 

highlights context-specific variation. While developed LADs like London lead in incidence 

and GDP per capita, fully disentangling these from persistence exceeds our scope, meriting 

future research. Our longitudinal insights enrich EE debates, countering the “broken clock” 

critique in high-quality settings, and suggest policies targeting talent and key sectors to 

foster productive entrepreneurship. Further studies should probe knowledge spillovers’ 

weak effects and alternative drivers like business cycles.  

While our results suggest that UK regions indeed differ in their capacity to attract HGFs 

and these differences being persistent over the period of 10 years, the research of the 

underlying conditions behind this persistency should be further developed. It raises 

questions on the spatial scale, time scale, and the choice of EE variables. Picking winners 

at firm-level seems to be unpromising, but picking winners at regional level may prove to 

be equally challenging.             
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ANNEX 

Table 4 HGFs per active firm with 10+ employees (HGFR2): Pearson correlation 
coefficients  
 

 

 

 

 

 

 

 

Note: p-values reported below coefficient; grey-shaded area shows correlation coefficients for 
overlapping periods. 

  Table 5 HGFs per 1,000 working age population: Pearson correlation coefficients  
 

 

 

 

 

 

 

 

 

 

 

 

 

Note: p-values reported below coefficient; grey-shaded area shows correlation coefficients for 
overlapping periods.   
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Table 6 Variables description 

Variable Description and 
measurement  

Source Geographic
al level 

Period of data 
availability 

HGFs count Number of HGFs (OECD 
employment definition) 

ONS Business 
Demography 

LAD 2012-2021* 

HGFR Number of HGFs per 1,000 
working age population, 
computed using HGFs count 
and working age population 

ONS Business 
Demography, 
Nomis 

LAD 2012-2021* 

HGFR2 Number of HGFs divided by the 
number of active (survived) 
firms with 10+ employees: 
computed using HGFs count 
and number of firms who were 
present in (t-3)  with 10+ 
employees and who survived in 
year (t) 

ONS Business 
Demography 

LAD 2012-2021* 

UNIVERSITIES Number of HE Institutions to 
GDP(bn£) of the region 

Higher Education 
and community 
Interaction 
(HEBCI) survey 

LAD 2008-2021 

UNI_SPINOFF
S 

Number of HE Institutions 
spinoffs, log (observed 
value+1) 

HEBCI LAD 2009-2021 

UNI_PATENTS Cumulated number of patents 
to GDP(bn£) of the region 

HEBCI LAD 2009-2021 

UNI_ENGAGE
MENT 

Number of research contracts 
with SMEs, log (observed 
value+1) 

HEBCI LAD 2009-2021 

RESEARCH_IN
COME 

Total Research Income of 
universities, mn £ 

HEBCI LAD 2009-2021 

RVARIETY Related Variety, based on 
employment data constructed 
using Frenken et al.(2007) 
methodology. Related sectors 
refer to different 4-digit SIC 
classification within the same 2-
digit industry group  

Nomis, BRES LAD 2008-2021 

UVARIETY Unrelated Variety, based on 
employment data constructed 
using Frenken et al.(2007) 
methodology  

Nomis, BRES LAD 2008-2021 

THEIL Theil Index, calculated as a 
sum of RVARIETY and 
UVARIETY 

Nomis, BRES LAD 2008-2021 

VRELATED Vertically related ONS United 
Kingdom Input-
Output Analytical 
Tables (2017); 
and Employment 
data from Nomis, 
BRES  

LAD 2010-2021 

INCUBATORS Number of 
incubators/accelerators to 
GDP(bn £) of the region 

https://ian.centref
orentrepreneurs.o
rg/ 
<downloaded in 
Mai 2024> 

LAD time invariant 

INNOUK_GRA
NTS 

Amount of grants awarded, log 
(observed value+1) 

Innovate UK LAD 2008-2021 

INNOUK_APPL Grant applications per 1,000 
working age population 

Innovate UK LAD 2008-2021 
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SCIENCE&EN
GINEERS 

% of working age population 
(aged 16-64) who are scientists 
and engineers 

Eurostat, 
Business 
Enterprise 
Research and 
Development 
(BERD) survey 

NUTS2 2008-2019 

R&D_PERSON
NEL 

% of working age population  
(aged 16-64) who are R&D 
personnel 

Eurostat, BERD NUTS2 2008-2019 

BUSINESS_R&
D 

Business sector R&D expense 
(% to GDP (mn ))  

Eurostat, BERD NUTS2 2008-2019 

HUMAN_CAPI
TAL 

% of working age population 
(aged 16-64) with NVQ4+  

Nomis, Annual 
Population Survey 
(APS) 

LAD 2008-2021 

ESHIP_CULTU
RE 

% of working age population 
(aged 16-64) who are self 
employed 

Nomis, APS LAD 2008-2021 

BUSINESS_SE
RVICES 

Employment share in 
Professional and Business 
services sector (to total 
employment in the region). See 
Bone et al. (2019) for SIC 
codes  

Nomis, Business 
Register and 
Employment 
Survey (BRES) 

LAD 2008-2021 

CREATIVE Employment share in Creative 
industries (to total employment 
in the region). See DCMS 
(2016) for creative industries 
definition 

Nomis, BRES LAD 2008-2021 

SMALL_FIRMS Share of micro and small firms 
to total number of firms 

Nomis, BRES LAD 2008-2021 

GVA_GROWT
H 

Growth rate of GVA per capita Nomis, Regional 
Accounts 

LAD 2008-2021 

VCAPITAL_PR
OJECTS 

Total equity investment  (nbr of 
companies) 

BVCA Reports on 
Investment 
Activity 

NUTS1 2008-2021 

VCAPITAL_INV
ESTMENT 

Total equity investment (mn £)  BVCA Reports on 
Investment 
Activity 

NUTS1 2008-2021 

INSTITUTIONS Quality of governance index  Charron et al., 
2019  

NUTS1 Data available 
for 2010, 
2012, 2017, 
missing years 
imputed 

POP_DENSITY Nbr of people per sq km ONS, Lin to 
confirm 

LAD 2011-2021 

 

Note: * Year refers to the end of the growth period, i.e. 2012 refers to growth period 2009-2012, 
2021 – to growth period 2018-2021.  

Source: authors 
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Table 7 ‘Within-between’ Random Effects Estimations: comparison of original 
Fotopoulos (2023), reproduced and updated estimations. 
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Table 7 ‘Within-between’ Random Effects Estimations: comparison of original 
Fotopoulos (2023), reproduced and updated estimations. (continued) 
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Table 7 ‘Within-between’ Random Effects Estimations: comparison of original 
Fotopoulos (2023), reproduced and updated estimations. (continued) 

 

Note: Each column shows the results of original Fotopoulos (2023) estimations along with 
estimations performed on two different samples (reproduced and updated). For ease of comparison, 
the results are grouped by variable of interest, with between effects in the top part and within effects 
in the bottom part of the table. Coefficient reported (p-values in Parentheses) Bayes Factor Bounds 
(BFB).    
 

Table 8 ‘Within-between’ Random Effects Estimations, university-related variables: 
comparison of original Fotopoulos (2023), reproduced and updated estimations. 
 

 



 

42 

Table 8 ‘Within-between’ Random Effects Estimations, university-related variables: 
comparison of original Fotopoulos (2023), reproduced and updated estimations. 
(continued) 
 

 

 

Note: Each column shows the results of original Fotopoulos (2023) estimations along with 
estimations performed on two different samples (reproduced and updated). For ease of comparison, 
the results are grouped by variable of interest, with between effects in the top part and within effects 
in the bottom part of the table. Coefficient (p-values in Parentheses) Bayes Factor Bounds (BFB). 
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Table 9 Multilevel analysis results: comparison of original Fotopoulos (2023), 
reproduced and updated estimations 
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Table 9 Multilevel analysis results: comparison of original Fotopoulos (2023), 
reproduced and updated estimations (continued) 
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Table 9 Multilevel analysis results: comparison of original Fotopoulos (2023), 
reproduced and updated estimations (continued) 

 

Note: Each column shows the results of original Fotopoulos (2023) estimations along with 
estimations performed on two different samples (reproduced and updated). For ease of comparison, 
the results are grouped by variable of interest, with between effects in the top part and within effects 
in the bottom part of the table. Coefficients reported (p-values in Parentheses) Bayes Factor Bounds 
(BFB). 
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Table 10 ‘Within-between’ Random Effects Estimations: comparison of U, N-O, N-O-
L and B-J estimations. 
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Table 10 ‘Within-between’ Random Effects Estimations: comparison of U, N-O, N-O-
L and B-J estimations. (continued) 
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Table 10 ‘Within-between’ Random Effects Estimations: comparison of U, N-O, N-O-
L and B-J estimations. (continued) 
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Table 10 ‘Within-between’ Random Effects Estimations: comparison of U, N-O, N-O-
L and B-J estimations. (continued) 

 
Note: Each column shows the results of estimations performed on the sample with extended time 
period using four different approaches: estimation equivalent to Fotopoulos (2023) study with 
overlapping periods (updated), estimation which uses non-overlapping periods only (N-O), 
estimation which uses non-overlapping periods and all explanatory variables are lagged by four 
years relative to time t (N-O-L), estimation using alternative Britten-Jones et al (2011) estimator (B-
J). For ease of comparison, the results are grouped by variable of interest, with between effects in 
the top part and within effects in the bottom part of the table. Coefficients reported (p-values in 
Parentheses) Bayes Factor Bounds (BFB). 

 

Table 11 ‘Within-between’ Random Effects Estimations, university-related variables: 
comparison of U, N-O, N-O-L and B-J estimations. 
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Table 11 ‘Within-between’ Random Effects Estimations, university-related variables: 
comparison of U, N-O, N-O-L and B-J estimations. (continued) 

 

 
 
Note: Each column shows the results of estimations performed on the sample with extended time 
period using four different approaches: estimation equivalent to Fotopoulos (2023) study with 
overlapping periods (updated), estimation which uses non-overlapping periods only (N-O), 
estimation which uses non-overlapping periods and all explanatory variables are lagged by four 
years relative to time t (N-O-L), estimation using alternative Britten-Jones et al (2011) estimator (B-
J). For ease of comparison, the results are grouped by variable of interest, with between effects in 
the top part and within effects in the bottom part of the table. Coefficients reported (p-values in 
Parentheses) Bayes Factor Bounds (BFB). 
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Table 12 Multilevel analysis results comparison of U, N-O, N-O-L and B-J estimations 
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Table 12 Multilevel analysis results comparison of U, N-O, N-O-L and B-J estimations 
(continued) 
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Table 12 Multilevel analysis results comparison of U, N-O, N-O-L and B-J estimations 
(continued) 
 

 

 
 
 
Note: Each column shows the results of estimations performed on the sample with extended time 
period using four different approaches: estimation equivalent to Fotopoulos (2023) study with 
overlapping periods (updated), estimation which uses non-overlapping periods only (N-O), 
estimation which uses non-overlapping periods and all explanatory variables are lagged by four 
years relative to time t (N-O-L), estimation using alternative Britten-Jones et al (2011) estimator (B-
J). For ease of comparison, the results are grouped by variable of interest, with between effects in 
the top part and within effects in the bottom part of the table. Coefficients reported (p-values in 
Parentheses) Bayes Factor Bounds (BFB). 
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