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Abstract
Recent approaches to entrepreneurship seek to explain regional heterogeneity by 
exploring the link between knowledge endowment and new firm creation. There are 
two main gaps in this stream of research. First, entrepreneurship tends to be considered 
in terms of entry rates rather than in terms of job creation. Second, most empirical 
studies focus on relatively large geographical areas and overlook the distance at which 
knowledge externalities dissipate. The present paper exploits data on firms based in 
the Emilia-Romagna region (Italy) to show that private R&D spillovers are positively 
associated with the size at entry of innovative firms only for those located close to the 
R&D activities and that these spillovers dissipate at a few kilometres from the R&D 
source. Non-linearities are detected only for low-tech sectors.

JEL Classification L26 · R10 · L11

1 Introduction

New ventures, which are vectors of both job creation and job destruction, are at the 
crux of employment dynamics (Decker et al. 2014; Calvino et al. 2016). According 
to a recent OECD report on the dynamics of employment growth in Europe, ‘only 
young businesses—predominantly small—create a disproportionate number of jobs’ 
and ‘entry explains most of the contribution to job creation, followed by start-ups (i.e. 
firms that are less than 3 years old)’ (Criscuolo et al. 2014, p. 5). Thus, exploring to 
what extent the determinants of entrepreneurial activity contribute to job creation is 
essential to understanding regional development. The objective of the present work is 
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to study the spatial contingencies that lead to successful entrepreneurship by focusing 
on the extent to which geographical distance moderates R&D knowledge spillovers.

This paper builds on the knowledge spillover theory of entrepreneurship (KSTE) 
(Audretsch and Keilbach 2007), which stresses that unappropriated knowledge leaking 
from knowledge production and knowledge diffusion activities is an important source 
of new venture emergence. The KSTE postulates that the level of entrepreneurship in 
a certain geographical area is driven by the amount of knowledge that is produced in 
that local environment and is left unexploited. That is to say, the amount of available 
and uncommercialised knowledge is a fundamental feature for explaining the hetero-
geneity of territories in terms of entrepreneurship (Armington and Acs 2002).

The KSTE builds on three main conjectures (Plummer and Acs 2014). The first is 
the knowledge hypothesis, which predicts that there is a positive relationship between 
the level of R&D expenditure and regional entrepreneurial activity. So far, this hypoth-
esis has been extensively explored by the extant literature and has been corroborated 
by several studies from an empirical perspective (Audretsch and Keilbach 2007; Acs 
et  al. 2009). The second hypothesis is the commercialisation efficiency hypothesis, 
according to which entrepreneurial activity is negatively affected by the concentration 
of incumbents as they are endowed with the capabilities to exploit knowledge flows. 
By being able to rapidly exploit unappropriated knowledge within a region, incum-
bents reduce the market opportunities for would-be entrepreneurs. Plummer and Acs 
(2014) provide empirical evidence for US metropolitan areas, showing that the pres-
ence of incumbents has a negative moderating effect on entrepreneurial activity. The 
third hypothesis on which the KSTE builds is the localisation hypothesis: knowledge 
spillovers are spatially located in close geographical proximity. This hypothesis derives 
from numerous studies within the economics of innovation literature that show how 
knowledge spillovers are locally constrained (e.g. Anselin et  al. 1997), even though 
non-linearities in the transmission of knowledge across space have been highlighted in 
various instances (e.g. Bathelt et al. 2004; Spithoven et al. 2020). Despite its centrality, 
empirical evidence testing the localisation hypothesis in the context of the KSTE is 
absent. In particular, there is a lack of quantification related to what ‘close proximity’ 
means—that is, the distance at which knowledge spillovers can affect entrepreneur-
ship. The present paper aims to fill these gaps.

To address our research questions, we draw on the stream of the literature that stands 
at the intersection between knowledge transfer and agglomeration economies, from which 
we derive two main propositions. First, knowledge transfer can either be the result of 
market-based or non-market-based exchange, with the latter involving higher degree of 
tacit knowledge. The absence of clear-cut evidence on the relationship between spillovers 
and entrepreneurship may suggest that agglomeration produces positive externalities for 
entrepreneurship in the very proximate area, but its effect decays rapidly with distance 
(Rosenthal and Strange 2003; 2005). The second proposition is that firms differ in play-
ing the role of externality receivers (Cainelli and Ganau 2018; Cainelli et al. 2018), which 
acknowledges the specificities of new entrants in exploiting R&D knowledge spillovers. 
We discriminate entrants in terms of being in high-tech versus low-tech sectors, and 



1 3

The relationship between R&D knowledge spillovers and…

manufacturing versus service companies. These distinctions are relevant as agglomera-
tion externalities produce different effects on different types of economic activities, usu-
ally being higher for high-tech and for non-tradable sectors, but non-negligible for less 
innovative sectors (e.g. Greenstone et al. 2010; Moretti and Thulin 2013). Finally, we dis-
tinguish entrants in terms of size of entry. In this respect, an important advantage of the 
present paper—compared to the majority of existing studies that investigate the determi-
nants of entrepreneurship—is the adoption of a continuous measure of entrepreneurship 
that captures the probability of higher levels of post-entry performance. That is, instead 
of focusing on the number of entrants in a particular territorial area, we measure entre-
preneurship in terms of employment level at entry (i.e. number of working owners and 
employees) and relate this information to the characteristics of the local spatial environ-
ment surrounding the entrant firm. Several studies investigate to what extent post-entry 
performance is contingent upon entry characteristics (e.g. Geroski et al. 2010) and find 
that size at entry is strongly associated with the probability of successful development 
in the period following entry (e.g. Mata et al. 1995; Segarra and Callejon, 2002; Strot-
mann 2007). Moreover, size at entry is particularly relevant when research-intensive sec-
tors are analysed, given their low survival rates (Segarra and Callejon 2002; Boyer and 
Blazy 2014). In other words, large new entrants are less likely to exit the market and are 
more likely to show better post-entry performance; this emphasises the importance of 
new entrants to the labour market since they provide a net share of job creation. Moreo-
ver, assuming that new firms emerging from R&D knowledge spillovers are more innova-
tive than others and that they lead to higher levels of job creation and economic growth 
compared to less innovative firms (e.g. Geroski and Machin 1992; Coad and Rao 2008; 
Harrison et al. 2014), accounting for the probability of success at entry (as we do with 
our measure of entrepreneurship) is even more appropriate compared to the conventional 
indicators such as the number of new firms. Finally, our proxy for entrepreneurship allows 
us to disentangle the role of spillovers at a fine-grained level using distance-based meas-
ures around the localisation of entry, rather than within administrative borders.

Our results show that knowledge spillovers influence entrepreneurship (measured as 
size at entry) mostly in very close geographical proximity. This finding holds for more 
innovative sectors and services, whereas in low-tech sectors the size at entry is positively 
associated with R&D investments either in very close proximity or farther away from the 
sources of spillover. Moreover, as far as more innovative sectors are concerned, our results 
highlight that investments in R&D affect entry size only within a very short distance.

The paper is structured as follows. Section 2 reviews the KSTE literature and the prox-
imity conjecture, as well as how this work contributes to this strand of research. Section 3 
describes the dataset and the variables, and Sect. 4 presents the empirical analysis and 
discusses the results. Section 5 offers some concluding remarks.

2  Knowledge spillover theory of entrepreneurship and the proximity 
conjecture

At the heart of the KSTE stands the tenet that ‘knowledge spillover entrepreneur-
ship will tend to be spatially located within close geographic proximity to the 
source of knowledge actually producing that knowledge’ (Audretsch et al. 2006, p. 
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29). The hypothesis builds on the public-good nature of knowledge and stresses that 
knowledge spills over due to the non-excludability of the access and exploitation 
of the information contained in it. Such knowledge is, however, considered to be 
available especially at close distances because it is transferred through local habits, 
customs, and frequent face-to-face interactions (e.g. Audretsch 1998). In addition, 
some studies highlight that knowledge is mostly transferred through market-based 
channels such as the mobility of individuals or technology purchases (Zucker et al. 
1998b; Breschi and Lissoni 2001; Mowery and Ziedonis 2005). Despite the KSTE 
not distinguishing between these two channels of knowledge transfer, we will con-
sider both mechanisms as they are often intertwined (Mowery and Ziedonis 2005) 
and potentially conducive to entrepreneurship.

Our main objective is to investigate the geography of knowledge spillovers and 
the extent to which they spur entrepreneurial activity. It is possible to derive insights 
on this topic by referring to the researches on the role of knowledge base for inno-
vation of regions, and on the mechanisms through which knowledge flows between 
organisations. A vast literature provides evidence that regions differ widely in terms 
of R&D and innovation capabilities: innovation processes are path dependent and 
tend to cluster, increasing regional growth differences. Although R&D spillovers 
explain a relevant part of interregional differences in terms of innovation activities 
(Fritsch and Franke 2004), the capability of a region to gain from knowledge spillo-
vers strictly depends on its absorptive capacity (Cohen and Levinthal 1990). For 
instance, Miguélez and Moreno (2015), grounding on the role of networks for the 
diffusion of knowledge, provide evidence that a main determinant of regional capa-
bility to attract inventors rests in its level of absorptive capacity, measured in terms 
of R&D expenditure. Spillovers are therefore mediated by the knowledge base of a 
region (Asheim et al. 2011; Abreu 2011), that is in turn shaped by the economic, 
social and cognitive contexts in which economic activities are embedded (Howells 
2002). Moreover, higher levels of proximity are required to appropriate more con-
text-specific knowledge (Rodríguez-Pose and Crescenzi 2008). As a result, entre-
preneurship, as an economic activity, is also embedded in a cognitive, social and 
economic context (Qian 2018), that determines the mechanisms by which knowl-
edge spillovers are exploited and where.

The role of spatial proximity in the transfer of knowledge across organisations 
has been largely investigated from both a theoretical and empirical perspective. A 
common finding is that knowledge transfer processes are triggered and particularly 
successful at close distances (Audretsch 1998; Howells 2002; Bahar et  al. 2014). 
However, other studies emphasise that knowledge may also be transferred from less 
proximate environments (e.g. Brostrom, 2010; Uyarra 2010). For instance, Bathelt 
et al. (2004) depict a model of clustering based on two building blocks: on the one 
hand, a local buzz enables creating a shared ecology of habits, and on the other 
hand, a pipeline network of actors allows firms to acquire knowledge from distant 
environments. According to Berchicci et al. (2016), long distances increase the ben-
efit of collaboration, but firms tend to engage in distant collaborations more rarely 
and only when the expected benefits are high. In line with these insights, Spithoven 
et al. (2020) find that universities secure large research contracts with firms located 
either very close or very far away from their location.
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Despite different studies providing evidence of knowledge transfer over long dis-
tances (e.g. Berchicci et al. 2016; Spithoven et al. 2020) and acknowledging that ran-
dom, freely available knowledge spillovers may be less frequent compared to mar-
ket-based forms of knowledge transfer (Breschi and Lissoni 2001), knowledge-flow 
processes take place with higher frequency within close geographical proximity (e.g. 
de Jong and Freel 2010; Spithoven et  al. 2021). Breschi and Lissoni (2009) show 
that the diffusion of technical, innovative knowledge across firms emerges from the 
mobility of inventors rather than from non-market forms of knowledge flows. How-
ever, inventor mobility tends to take place within close distances. With a similar per-
spective, Mowery and Ziedonis (2005) find that market-based channels of knowledge 
transfer from university to industry tend to benefit from close geographical proxim-
ity to a higher extent compared to non-market-based channels: the authors however 
argue that these results are motivated by the need to accompany market transfers with 
non-market knowledge transfers. Indeed, non-market-based knowledge flows have 
often been found to exert benefits only within spatial constraints (e.g. Audretsch and 
Feldman 1996; Feldman and Audretsch 1999), as in the case of new industry growth 
through the creation of new firms (e.g. Zucker et al. 1998a).

Therefore, the differences in the extent to which knowledge transfer exerts its ben-
efits at various distances may depend on the nature and main channels through which 
such knowledge transfer takes place, and specifically on the need to transfer knowl-
edge by means of non-market-based exchanges. The knowledge flow process that 
gives rise to new firm creation is a complex one: the entrepreneur or team of founders 
needs to master or acquire a variety of capabilities (Lazear 2005; Åstebro and Thomp-
son 2011; Stuetzer et al. 2013), and the knowledge required to start a new business 
may be linked to some specific contexts. Successful entrepreneurs tend to be experi-
enced individuals that have previous capabilities, both as employees and as precedent 
entrepreneurs (Lazear 2005; Åstebro and Thompson 2011), and this knowledge is 
often context specific. A good example of the role of context-specific knowledge in 
undertaking an entrepreneurial career is given by the creation of spin-offs (e.g. Qian 
2018). In this regard, the literature acknowledges that geographical proximity plays 
a central role in spin-off localisation, due to local network assets (Dahl and Soren-
son 2012; Qian 2018). Spin-offs are firms founded by an individual who leaves an 
organisation—either private or public—to create a new firm in which he/she exploits 
(at least part of) the knowledge—both codified and tacit1—developed within the previ-
ous parent organisation. Most spin-offs tend to locate very close to the parent firm or 
university, at least in the early phases of their development when interactions with the 
parent organisation are often very important for the initial growth of the firm (Buestorf 
and Klepper 2009; Rizzo 2015). The newly founded firm is not only dependent on 
the parent organisation in terms of technical knowledge but also in terms of networks, 
which require close proximity to be acquired and exploited (Bagley 2019). These stud-
ies indicate that new spin-off firms require positioning close to the parent organisation 

1 Despite spin-offs often exploit an intellectual property right, the successful transfer of the codified and 
proprietary knowledge cannot be disentangled from the transfer of more tacit components (e.g. Karnani 
2013). Moreover, in Italy, academic spin-offs most often exploit only tacit competences developed in 
academia, without any intellectual property right (see e.g. Netval 2016; Ramaciotti and Rizzo 2015).
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in order to facilitate their formation and development. Albeit some knowledge and 
capabilities may come from market-based channels, it seems that some knowledge fea-
tures such as networks and capabilities acquired from the parent organisation may be 
appropriated only close to their sources, by means of non-market-based interactions. 
The process of new venture creation could therefore be the output of both market-
based and non-market-based knowledge acquisitions by the entrepreneur or team of 
founders, or a combination of the two. However, when innovative capabilities must be 
exploited in the new venture, non-market-based knowledge flows assume a fundamen-
tal role (Zucker et al. 1998a; Karnani 2013).

Further support for the KSTE localisation hypothesis can be derived from the lit-
erature on agglomeration economies, acknowledged to play an important role in job 
creation, despite heterogeneous across different economic activities (e.g. Greenstone 
et al. 2010). Partly due to the circulation of free but spatially constrained knowledge 
spillovers (Marshall 1920), agglomeration externalities tend to operate at small-scale 
regional levels (Arbia 2001), as demonstrated by recent studies that investigate these 
using between-organisation distance-based measures (e.g. Cainelli and Ganau 2018, 
Coll-Martinez et  al. 2019). However, the literature has substantially overlooked the 
quantification of the distance at which externalities manifest themselves, and this is 
due to the heterogeneity of geographical levels at which agglomeration is measured 
(Wennberg and Lindqvist 2010). Rosenthal and Strange (2001) show that knowledge 
spillovers have an impact on agglomeration economies only at the ZIP code level and 
that there is no effect at higher levels of aggregation such as the county or state. In 
the context of Italian manufacturing firms, Cainelli and Lupi (2010) find that the pos-
itive effect of localisation economies takes place only within two kilometres of the 
agglomeration externality source. Anselin et  al. (1997) carry out an analysis at the 
US metropolitan statistical area level and observe that the impact of university knowl-
edge on high-technology innovation is spatially constrained to a 50–70 miles distance. 
Sinthoven et al. (2020) find that the size of research contracts reaches a minimum at 
around 16 km of distance between the firm and the university but is higher at both 
closer and longer distances. Given the higher amount of tacit content in agglomeration 
externalities in the creative industries, Coll-Martinez (2019), focusing on the city of 
Barcelona, finds that localisation economies in this sector are present only within rings 
of 250 m.

The extant literature on the geographical distance at which knowledge spillo-
vers are conducive to new venture creation is rather scarce. A few studies contrib-
ute to this debate, however. The seminal work by Rosenthal and Strange (2003) pro-
vides evidence that the effect of agglomeration externalities on firm entry and size at 
entry attenuates rapidly with distance and decreases sharply only a few miles beyond 
the focal ZIP code. For what concerns the KSTE literature, a few studies explore 
the relationship between knowledge endowments and entrepreneurship at a small 
regional scale. In an analysis at the travel-to-work-area (TTWA) level, Lasch et  al. 
(2013) show that new information and communication technology (ICT) firms tend 
to locate close to ICT incumbents and identify the presence of knowledge spillovers 
from both public and private R&D labs. Other works show that knowledge spillovers 
arise also from university research. At the NUTS 3 regional level, Bonaccorsi et al. 
(2013) observe a positive effect of knowledge spillovers on entrepreneurial activities 



1 3

The relationship between R&D knowledge spillovers and…

in Italian provinces, which is corroborated by similar findings obtained by Fritsch 
and Aamoucke (2013) in German districts. Audretsch and Lehmann (2005) show that 
higher levels of university output and regional knowledge endowments are associated 
with higher numbers initial public offerings for new firms located within 1.5 km of 
the university. Moreover, Lee et al. (2013) exploit data on small Korean regions and 
suggest that the effect of regional knowledge spillovers on firm entry rates is higher in 
intra- than inter-regions. Finally, Knoben et al. (2011) focus on Dutch municipalities 
and find a positive—though weak—correlation between knowledge investment and 
the share of entry employment in the municipality.

However, none of these works take into consideration distance-based measures 
of knowledge spillover, and very few account for the size at entry of new ventures, 
which would allow accounting for the potential success and growth of entrants. The 
available studies on the quantification of the distances at which knowledge spillover 
exerts its benefits have not reached conclusive findings. Moreover, these studies also 
do not account for the presence of non-linearities in the relationship between spatial 
spillovers and entrepreneurship. Our paper seeks to fill this gap and tests the following 
hypotheses:

H1. The size at entry of new firms is positively associated with knowledge spillo-
vers at close distances to the R&D source.

H2. The positive benefit of knowledge spillovers on size at entry dissipates as the 
distance from the source of knowledge increases.

3  Empirical framework

The empirical analysis relies on two main sources of data. First, we use data from the 
ASIA database (‘Registro Statistico delle Imprese Attive’) maintained by ISTAT (Ital-
ian National Statistical Office), which provides information on the population of firms 
by local units. We focus on firms located in the Emilia-Romagna region, which is one 
of the leading regions in both Italy and in Europe in terms of GDP, innovation indi-
cators, and governance quality (MSE 2009; European Commission 2014; Rodríguez-
Pose and Garcilazo 2015). Emilia-Romagna has been investigated in the economics 
and management literature as a self-contained unit (Bianchi and Giordani 1993; Put-
nam 1993; Marzucchi et al. 2015; Ramaciotti et al. 2017): it has a population of 4.5 
million (Norway, Finland, and Denmark each count just over 5 million inhabitants) 
and is split into 334 municipalities.

For each Emilia-Romagna firm in the ASIA data, we collected the year of firm con-
stitution and local unit addresses, the number of employees, full-digit NACE codes, 
and firm legal status. We also obtained balance sheet information from the Bureau 
van Dijk AIDA dataset. This allows us to use R&D expenditure to build our key inde-
pendent variables.2 The advantage of these databases is that they provide firm address 

2 The R&D expenditures obtained from AIDA cannot be considered to represent the overall amount 
of private R&D in the region as AIDA only provides information on limited companies and disclosing 
R&D expenditure in balance sheets is not mandatory under Italian law. The comparison between our 
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information, which allows us to geolocate the firms using the Google Maps applica-
tion programming interface (API) to retrieve their geographical coordinates and pro-
ject them on a map. Using geolocalised firms as our unit of analysis allows us to inves-
tigate the following relationship:

where EmpEntry is our measure of entrepreneurship for firm i in municipality m at 
time t. X is a vector of control variables, namely agglomeration economies, aver-
age income, share of employment in the financial sector, and population. �t captures 
common yearly shocks that affect the region (e.g. changes to Italian legislation that 
affect firm creation procedures, etc.). �m are municipality dummies that account for 
unobservable heterogeneity that is constant over time but varies across geographical 
areas (e.g. universities or research centres, etc.). The aim is to capture common fea-
tures that characterise the environment in which the firm conducts its activities, such 
as the transport infrastructure. ε is the error term.

The dependent variable (EmpEntry) is measured as employment in the first year 
after constitution. Construction of this variable involved two issues. The first is related 
to the dataset time span. Although we are only able to observe the number of employ-
ees based on ASIA Emilia-Romagna data for the 2007–2014 period, the firm may 
have been founded before 2007. We, therefore, restricted our sample to focus on firms 
founded after 2006. The second issue is related to the year we measure employment 
levels. Firms may enter in one year and start their activities (i.e. appear in ASIA data) 
in the same or a subsequent year. In most cases, firms start their activities in their year 
of birth (57%), the remainder starting activities in the following year (36%) or two 
years later (4%). The remaining 3% start their activities between three and seven years 
after birth.

To obtain a sample of comparable firms, we exclude this 3% of firms and meas-
ure the size of firms in the first year available after constitution. Specifically, if the 
year of birth is the same as the year of entry in the ASIA data, we measure employ-
ment in the year following firm constitution. This provides a homogeneous sample 
of entrants. Finally, we distinguish between high- and low-tech and manufacturing 
and service firms using the Eurostat Glossary3 classification of sectors.

KnowledgeStock is the main explanatory variable and is measured as the stock 
of R&D expenditure (per 10 million euros) available in the firm’s geographical 
location i. g(i) is the mapping from firm i to an aggregate circle, defined for dif-
ferent radii. Following the standard economic geography approach (see, for exam-
ple, Rosenthal and Strange 2003; Lens and Meltzer 2016), we use the geographical 

EmpEntryimt = �KnowledgeStockig(i)t−1 + �Xmt−1 + �m + �t + �imt

3 https:// ec. europa. eu/ euros tat/ stati stics- expla ined/ index. php/ Gloss ary: High- tech

measure of R&D expenditure and the one provided by Eurostat indicates a very similar trend (see Fig. 3 
in the Appendix); however, the amount of private R&D is slightly below the canonical two thirds of total 
R&D expenditure. This is mostly due to the lack of information about smaller companies in AIDA and 
some missing information in AIDA balance sheets. Overall, assuming these missing data to be allocated 
at random, we can rely on this measure for our research purposes (see e.g. Marin 2014; Ferragina et al. 
2014; Bellucci et al., 2018).

Footnote 2 (Continued)

https://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:High-tech
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coordinates for each firm as the centroid of concentric rings defined at different 
radii (i.e. 1, 2, 5, and 10 km) (see Fig. 1). The AIDA data allow us to identify firms 
with R&D activities within each ring and sum their R&D expenditure and construct 
the circle of knowledge stock, using a depreciation rate of 15% (Hall et al. 2005). 
Finally, we assign this value to the focal firm used as the centroid. It should be 
noted that the R&D expenditure of a firm located in a specific ring is not included 
in the larger (or smaller) circles. This avoids the double counting of the same R&D 
activities across different rings around the focal firm and ensures independence 
across circles defined at different radii.

In the case of the municipality-level control variables, we rely on measures of 
agglomeration economy, computed as the number of employees per  km2 in munici-
pality i in year t-1 (Glaeser et  al. 1992), population, income, and the share of 
employees working in the banking and finance sector (Aghion et al. 2019). Popu-
lation and income proxy the size and wealth of a municipality, while the number 
of employees in the finance sector controls for the availability and ease of credit 
access, an important factor related to both the decision of entry and firm growth 
(Chodorow-Reich 2014).

4  Results

Panel A in Fig.  2 shows that firm entry is unevenly distributed across the Emilia-
Romagna territory, with a marked concentration close to provincial capitals. In addi-
tion, with the exceptions of Ferrara and Ravenna, most firms are located along the A1 
and A14 highways, which cross the region from the West (Piacenza) to the Southeast 
(Rimini). We find a similar geographical distribution based on the geolocalisation of 
firms retrieved from AIDA that are involved in R&D activities (panel B in Fig. 2). As 

Fig. 1  Examples of neighbouring areas identified using concentric rings of 1, 2, 5 and 10 kms
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expected, only a small number of firms invest in R&D, and these are mostly located 
close to Bologna, Modena, Reggio nell’Emilia, and Parma.

From a sectoral perspective, the trends in Tables 1 and 2 show how labour mar-
ket dynamics related to entrepreneurship have evolved in the Emilia-Romagna 
region.4 They show that with the exception of medium–low-tech manufacturing, 
which increased by 4.26% between 2009 and 2014, the average size at entry in all 
sectors has generally decreased over time. However, total employment at entry has 
also decreased in almost all sectors, with the exception of high-tech manufacturing 
and low-tech services (+ 12.75% and + 8.9%, respectively). Overall, these descrip-
tive statistics provide evidence of a reduction in firm size over time, which needs to 
be considered in policy frameworks.

Table  3 presents descriptive statistics for our variables, whereas Tables  4 
and 5 report the results of our estimates. The dependent variable, that is, the 

Fig. 2  Geographical distribution of entrant firms over the 2007–2014 period (panel A) and firms that 
carry out R&D activities (panel B)

4 The sectors included in the tables are based on the Eurostat Glossary classification; high-tech sectors 
include high- and medium–high-tech industries.
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full-time equivalent number of employees at entry, is logarithm-transformed. 
Table  4 expresses the main independent variables—the knowledge stock vari-
ables—in levels, that is, in millions of euros. The R&D stock variables are log-
transformed in Table  5, which enables us to calculate elasticities, at the expense 
of excluding those rings that include firms not engaged in R&D. Transforming the 
stock variables into logarithm form also normalises their distribution.

Tables 4 and 5 report the results for the different samples. In both tables, column 
(1) refers to the full sample, columns (2) and (3) compare high- and low-tech sec-
tors, columns (4) and (5) report the respective results for the services and manufac-
turing sectors, and columns (6) and (7) report the results for the high-tech sector, 
distinguishing between high-tech services and high-tech manufacturing. The main 
finding in column (1) in both tables is the positive and significant coefficient of 
knowledge stock within 1 km radius of the firm’s location (address at entry) and the 
absence of a significant association in the more distant circles. It must be noted that 
while the coefficient in the second ring remains positive (albeit non-significant), 
the coefficients in the third and fourth rings become negative, although not statisti-
cally different from 0. When exploring the relationship in the different samples, we 
observe that the pattern for the first two rings is exactly the same for all samples 

Table 1  Trends in average entry size by sector (2009–2014)

Sector 2009 2012 2014 % Change 
2009–
2014

Manufacturing High tech 2.50 2.79 1.99  − 20.13
Manufacturing Low tech 3.61 3.10 3.22  − 10.62
Manufacturing Medium–high tech 3.73 2.79 3.50  − 6.00
Manufacturing Medium–low tech 2.99 2.98 3.11 4.26
Services High tech 1.80 1.69 1.68  − 6.84
Services Low tech 1.94 1.93 1.93  − 0.34

Others 1.55 1.55 1.53  − 1.61

Table 2  Trends in total employment at entry by sector (2009–2014)

Sector 2009 2012 2014 % Change 
2009–2014

Manufacturing High tech 42.4 58.5 47.8 12.75
Manufacturing Low tech 2,592.4 2,425.7 2,342.9  − 9.62
Manufacturing Medium–high tech 779.0 477.0 623.6  − 19.95
Manufacturing Medium–low tech 1,926.0 1,551.6 1,503.7  − 21.93
Services High tech 2,183.6 1,751.8 1,841.5  − 15.66
Services Low tech 10,859.1 10,530.6 11,825.4 8.90

Others 5,185.2 3,659.8 3,329.6  − 35.79
 Total 23,567.7 20,455.0 21,514.6  − 8.71
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analysed except high-tech manufacturing, which displays no relationship in the first 
ring. For what concerns the third ring (2–5 km), we observe a negative relationship, 
significant at the 5% level, only for the service sector. The last ring, which captures 
R&D stocks from 5 to 10 km away from the localisation of the entrants, conversely 
displays a negative relationship in the high-tech service sector. This indicates that 
in the proximity of the knowledge source we find higher sizes at entry, while as we 
move farther away from it the average size at entry diminishes. Overall, Table  4 
highlights a general pattern: a positive and significant role of knowledge spillovers 
on employment at entry only for very proximate entering firms. This is in line with 
the seminal work by Rosenthal and Strange (2003) and indicates that knowledge 
spillovers dissipate rapidly as we move away from the R&D source.

In Table 5, we report the result of an ordinary least squares estimation in which the 
explanatory variables of interest are also log-transformed. This allows us to study the 
elasticity between R&D knowledge spillovers and entry employment for those areas 
where there is at least one firm engaged in R&D activity close to the entrants, and also 
to normalise the skewed stock variables. The results are in line with those reported in 
Table 4, although some differences emerge for what concerns the larger rings. On the 
one hand, we observe that the patterns in the first, second, and third rings are consist-
ent with Table 4. More specifically, the coefficient of R&D stock in the first ring is 
positive and significant for all samples analysed—including the high-tech manufac-
turing sector, which was not significant in Table 4. Column (1) in Table 5 shows that 
a 10% increase in the knowledge stock in the first ring increases entry firm employ-
ment by 1.4% in the full sample, while in the case of high-tech manufacturing a 10% 
increase in the knowledge stock in the first ring increases size at entry by almost 6%.5 
Similarly to Table 4, the second and third rings show a negative or a non-significant 
coefficient, indicating that as we move away from the source of the R&D knowledge 
spillover, the average size at entry diminishes. The fourth ring, measuring knowledge 
spillovers at 5 to 10 km from the entry, conversely shows a positive and significant 
coefficient in the full and in the low-tech sample. Considering that the low-tech sam-
ple is one of the biggest samples and that in all other samples the coefficient of this 
variable is non-significant, we can argue that this non-linear relationship is observed 
only for low-tech entry. This result is in line with our argument that the most innova-
tive firms that require proximity, benefit from unexploited knowledge spillovers when 
entering the market. Firms in high-tech sectors exploiting the knowledge spillovers 
coming from private R&D activities have, on average, a larger size the closer they are 
to the source of R&D activity. Conversely, larger low-tech firms entering the market in 
response to the presence of knowledge spillovers do it either very close to or far away 

5 It must be noted that our model is able to explain only a small portion of the total variance, and most of 
this variance is explained, as could be expected, by municipality fixed effects. With reference to column 
(1) of Table 4, the effect size of the whole model is 5%, while the partial η2 effect size for the first ring 
is 0.2%; conversely the confidence interval for all other rings include the null value of zero. With refer-
ence to column (6) of Table 4 the total variance explained raise to 29%, where the partial η2 is 22% for 
municipalities dummy variables and almost 2% for our first ring, this being again the only ring where 
the confidence interval does not cross the null value of zero. Results in Table 5 display similar total and 
partial effect size.
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from the sources of the spillover. Therefore, we detect some sort of non-linearities for 
entry, but only for less-innovative entries.

Overall, we can state that our hypothesis H1 is supported as the size at entry is 
greater closer to the source of knowledge spillovers. Hypothesis H2 is supported for 
all sectors except the low-tech sectors, for which we observe that greater size char-
acterises entrant firms either very close to or far away from the source of knowledge. 
These results highlight the differences between spillover receivers: more innovative 
firms require, on average, being at a closer distance to benefit from spillovers com-
pared to less innovative firms (see also Cruz and Teixeira 2015).

4.1  Robustness checks

In order to support our results, we conduct a number of robustness checks, the results 
of which are reported in the Appendix. First of all, we replicate the estimates in 
Table 4 by retaining the dependent variable as a count variable and employing Pois-
son estimation with robust standard errors. Table 6 in the Appendix reports the results 
of this estimation, showing similar output to Table 4. The coefficients of the first ring 
are all positive but significant only for the full high-tech and high-tech services sam-
ples. The third and fourth rings show only non-significant negative coefficients, but 
the high-tech manufacturing sector has a negative and significant coefficient.

In Table 7 in the Appendix, we estimate a series of OLS regressions without log-
transforming our explanatory variables and in which we only consider those rings for 
which there is a positive R&D expenditure. In other words, we replicate the estimates 
of Table 4 for the sample of Table 5: by not log-transforming our R&D stock, we avoid 
eventual reduction in the size of expenditure in the different rings due to the transfor-
mation. Results show positive and significant coefficients only for the first ring, but 
for the high-tech manufacturing sector sample there is an absence of association in the 
first ring and a negative association in the third ring. Finally, Table 8 replicates Table 7 
without log-transforming the dependent variable and employing a Poisson estimation. 
Results are again very similar, showing the presence of positive association between 
R&D spillovers and entry size only in very close proximity to the spillovers.

5  Conclusions

The present paper investigated the spatial contingencies at the heart of the rela-
tionship between knowledge spillovers and entrepreneurship and contributes to the 
extant literature in two ways. First, by exploring the geography of R&D knowledge 
externalities it provides empirical support for the localisation hypothesis, which is 
one of the foundations of the KSTE. We quantified the distance at which entre-
preneurial activities are more likely to benefit from knowledge spillovers and, in 
particular, the distance at which this association dissipates. In so doing our find-
ings also contribute to the literature stressing the importance of regional absorptive 
capacity, by showing that this can be very heterogeneous within regions. Second, 
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we show that entrants are heterogeneous in terms their ability to grasp knowledge 
spillovers and the quality of their entrepreneurial activities. That is, we distin-
guished between groups of firms by sector and employment at entry—a measure 
of entrepreneurship that proxies job creation. Our empirical exercise is in line with 
the few studies that use entry size to measure the quality of entrepreneurial activity 
(see, for example, Calvino et al. 2016).

The results show that the relationship between the level of R&D stock and entry 
size is positive in the proximity (i.e. within 1 km) of entry firm locations. This rela-
tionship weakens as distance increases and is not statistically significant at a 2 km 
distance between the entrant firm’s geographical coordinates and the location of 
the R&D investment. At distances of 2–5 km, the association is sometimes nega-
tive, indicating that the size at entry diminishes when moving farther away from 
the source of the spillover. We also detect some non-linearities in this association; 
however, these only characterise the low-tech sectors: for less innovative firms we 
find the size at entry to be associated with knowledge spillover either within 1 km 
or more than 5 km away from the source of the spillover. Non-linearities are not 
detected for more innovative sectors, indicating that larger, more innovative firms 
seeking to exploit spillover from private R&D activities tend to enter the market 
very close to the sources of this knowledge.

Our findings add to the insights of Rosenthal and Strange (2003; 2005) regarding 
the association between knowledge spillovers generated by agglomeration econo-
mies and entry rates and employment at entry. Rosenthal and Strange (2003) found 
that agglomeration economies increase entrepreneurship only at short distances 
from the agglomeration sources and that this positive effect decreases rapidly after 
2 miles. Our results support Rosenthal and Strange’s (2003, pp. 387–388) argument 
that ‘information spillovers that require frequent contact between workers may dis-
sipate over a short distance as walking to a meeting place becomes difficult or as 
random encounters become rare’.

Our study is not exempt from limitations. First, we consider only knowledge 
spillovers from R&D activity conducted by private companies, and we do not 
include R&D conducted by universities and public research centres. However, 
since private firm R&D tends to be applied research that is close to the market, we 
believe that this is a minor limitation. In other words, private R&D knowledge spill-
overs are more likely to be commercialisable compared to spillovers from univer-
sity R&D. Moreover, our focus on private R&D expenditure allows us to confirm 
the findings of most KSTE studies that rely on university knowledge spillovers; it is 
also worth noting that private company R&D investments represent the largest pro-
portion of R&D expenditure. Another limitation is related to the source of our R&D 
expenditure data: in Italy, balance sheet information includes advertising expendi-
ture. This is a major limitation, however balance sheet information is widely used 
to proxy private R&D expenditure in empirical studies (e.g. Marin 2014; Ferragina 
et al. 2014; Bellucci et al., 2018). The third limitation is that the control variables 
were collected at the municipality rather than the radius level: in our datasets, firm 
geolocalisation is available only for entrants and R&D-performing firms. Further 
analysis is required to include control variables at a fine-grained geographical level. 
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Such further research could also better detect effect size of our estimates, that at the 
present form remain small and mostly captured by municipality-fixed effects.

This work provides evidence that innovative entrepreneurship of a greater size 
based on uncommercialised knowledge is associated with firms that are close to 
the knowledge source. Conversely, it seems that larger low-tech entrepreneurship 
can emerge either very close to or far away from the source of the spillover. Further 
research is needed to understand the mechanisms that drive these spatial patterns 
(Breschi and Lissoni 2001). Policies aimed at increasing entrepreneurial activity, 
and especially innovative ones—an issue that in Europe is mostly a matter of NUTS 
2 regional government (see, for example, Ramaciotti et  al. 2017)—could benefit 
from our findings. More specifically, our results indicate that R&D expenditure 
generates important spillovers for (successful) entrepreneurial activity, especially 
but not limited to, high tech entrepreneurship. Local development policies that pro-
vide incentives for (private) R&D activities would obtain indirect positive benefits 
in terms of entrepreneurship, and specifically on high-entry size entrepreneurship, 
with a premium for high-tech sectors.

Appendix

See Fig. 3 and Tables 6, 7 and 8

Fig. 3  Comparison between 
the AIDA amount of R&D 
expenditure as a percentage of 
GDP and the Eurostat value of 
the Business Enterprise R&D 
expenditure as a percentage of 
GDP (BERD). Region Emilia-
Romagna, 2009–2015
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